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Before there wer^f omputers, there were algorithms. But now that there are com- 
puters, there are evermore algorithms, and algorithms lie at the heart of computing. 

This book provides^? comprehensive introduction to the modern study of com- 
puter algorithms. It prp^ents many algorithms and covers them in considerable 
depth, yet makes their ae^ign and analysis accessible to all levels of readers. We 
have tried to keep explanations elementary without sacrificing depth of coverage 
or mathematical rigor. v. 

Each chapter presents an algjtmfhm, a design technique, an application area, or a 
related topic. Algorithms are described in English and in a pseudocode designed to 
be readable by anyone who has do© a Jittle programming. The book contains 244 
figures— many with multiple parts -^illustrating how the algorithms work. Since 
we emphasize efficiency as a design c@Brion, we include careful analyses of the 
running times of all our algorithms. 

The text is intended primarily for use in^iindergraduate or graduate courses in 
algorithms or data structures. Because it dis^f&jes engineering issues in algorithm 
design, as well as mathematical aspects, it is evilly well suited for self-study by 
technical professionals. ^\ 

In this, the third edition, we have once again updated the entire book. The 
changes cover a broad spectrum, including new chapters^ revised pseudocode, and 



a more active writing style. ^ q 



To the teacher 



We have designed this book to be both versatile and complete. You should find it 
useful for a variety of courses, from an undergraduate course in data structures up 
through a graduate course in algorithms. Because we have provided considerably 
more material than can fit in a typical one-term course, you can consider this book 
to be a "buffet" or "smorgasbord" from which you can pick and choose the material 
that best supports the course you wish to teach. 
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You should find it easy to organize your course around just the chapters you 
need. We have made chapters relatively self-contained, so that you need not worry 
^about an unexpected and unnecessary dependence of one chapter on another. Each 
•erujpter presents the easier material first and the more difficult material later, with 
seirtftjin boundaries marking natural stopping points. In an undergraduate course, 
you ^ifcht use only the earlier sections from a chapter; in a graduate course, you 
mighi*o«wer the entire chapter. 

We hav^included 957 exercises and 158 problems. Each section ends with exer- 
cises, andca&h chapter ends with problems. The exercises are generally short ques- 
tions that test b^fiic mastery of the material. Some are simple self-check thought 
exercises, whereas others are more substantial and are suitable as assigned home- 
work. The problems are more elaborate case studies that often introduce new ma- 
terial; they often csnsjst of several questions that lead the student through the steps 
required to arrive at k solution. 

Departing from ouf\5ractice in previous editions of this book, we have made 
publicly available solutions to some, but by no means all, of the problems and ex- 
ercises. Our Web site, httpS^^itpress.mit.edu/algorithms/, links to these solutions. 
You will want to check this si(eS:o make sure that it does not contain the solution to 
an exercise or problem that you^Jan to assign. We expect the set of solutions that 
we post to grow slowly over time,^o you will need to check it each time you teach 
the course. 

We have starred (★) the sections andexercises that are more suitable for graduate 
students than for undergraduates. A sta^d section is not necessarily more diffi- 
cult than an unstarred one, but it may require an understanding of more advanced 
mathematics. Likewise, starred exercises mawequire an advanced background or 
more than average creativity. 

To the student ^"C^ 

We hope that this textbook provides you with an enjoyable introduction to the 
field of algorithms. We have attempted to make every(lugorithm accessible and 
interesting. To help you when you encounter unfamiliar o£(J}fficult algorithms, we 
describe each one in a step-by-step manner. We also provid^areful explanations 
of the mathematics needed to understand the analysis of the algorithms. If you 
already have some familiarity with a topic, you will find the chapters organized so 
that you can skim introductory sections and proceed quickly to the more advanced 
material. 

This is a large book, and your class will probably cover only a portion of its 
material. We have tried, however, to make this a book that will be useful to you 
now as a course textbook and also later in your career as a mathematical desk 
reference or an engineering handbook. 
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What are the prerequisites for reading this book? 

£v • You should have some programming experience. In particular, you should un- 
s£ derstand recursive procedures and simple data structures such as arrays and 
* -linked lists. 

• \3rou should have some facility with mathematical proofs, and especially proofs 
Bymnafhematical induction. A few portions of the book rely on some knowledge 
ofeLementary calculus. Beyond that, Parts I and VIII of this book teach you all 
the mathematical techniques you will need. 

We have\^feard, loud and clear, the call to supply solutions to problems and 
exercises. Our^J/eb site, http://mitpress.mit.edu/algorithms/, links to solutions for 
a few of the prob v l^Uis and exercises. Feel free to check your solutions against ours. 
We ask, however, tfiSt you do not send your solutions to us. 

To the professional 

The wide range of topicsrtn^his book makes it an excellent handbook on algo- 
rithms. Because each chapteris relatively self-contained, you can focus in on the 
topics that most interest you. 

Most of the algorithms we discuss have great practical utility. We therefore 
address implementation concerns v tar*d other engineering issues. We often provide 
practical alternatives to the few algofc^fnms that are primarily of theoretical interest. 

If you wish to implement any of t©algorithms, you should find the transla- 
tion of our pseudocode into your favor^j^programming language to be a fairly 
straightforward task. We have designed th^seudocode to present each algorithm 
clearly and succinctly. Consequently, we d^^t address error-handling and other 
software-engineering issues that require specifi^ssumptions about your program- 
ming environment. We attempt to present each alg^Sathm simply and directly with- 
out allowing the idiosyncrasies of a particular programming language to obscure 
its essence. s-\ 

We understand that if you are using this book ouisjds of a course, then you 
might be unable to check your solutions to problems and excises against solutions 
provided by an instructor. Our Web site, http://mitpress.mffeedu/algorithms/, links 
to solutions for some of the problems and exercises so that you can check your 
work. Please do not send your solutions to us. 



To our colleagues 

We have supplied an extensive bibliography and pointers to the current literature. 
Each chapter ends with a set of chapter notes that give historical details and ref- 
erences. The chapter notes do not provide a complete reference to the whole field 
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of algorithms, however. Though it may be hard to believe for a book of this size, 
space constraints prevented us from including many interesting algorithms. 

Despite myriad requests from students for solutions to problems and exercises, 
have chosen as a matter of policy not to supply references for problems and 
excises, to remove the temptation for students to look up a solution rather than to 
fina ^wiemselves. 

Changes(f§r the third edition 

What has changed between the second and third editions of this book? The mag- 
nitude of melanges is on a par with the changes between the first and second 
editions. As we^said about the second-edition changes, depending on how you 
look at it, the boo&jiimnged either not much or quite a bit. 

A quick look at th^table of contents shows that most of the second-edition chap- 
ters and sections appear* in the third edition. We removed two chapters and one 
section, but we have add^k three new chapters and two new sections apart from 
these new chapters. f> 

We kept the hybrid organization from the first two editions. Rather than organiz- 
ing chapters by only problem d^jiains or according only to techniques, this book 
has elements of both. It contains technique-based chapters on divide-and-conquer, 
dynamic programming, greedy algorithms, amortized analysis, NP-Completeness, 
and approximation algorithms. BuHt^&lso has entire parts on sorting, on data 
structures for dynamic sets, and on algofithms for graph problems. We find that 
although you need to know how to apply techniques for designing and analyzing al- 
gorithms, problems seldom announce to y«0 which techniques are most amenable 
to solving them. >K 

Here is a summary of the most significant mWgsjs for the third edition: 

• We added new chapters on van Emde Boas trees^&d multithreaded algorithms, 
and we have broken out material on matrix basics into its own appendix chapter. 

• We revised the chapter on recurrences to more bro@y cover the divide-and- 
conquer technique, and its first two sections apply divi@>-and-conquer to solve 
two problems. The second section of this chapter present^trassen's algorithm 
for matrix multiplication, which we have moved from the chapter on matrix 
operations. 

• We removed two chapters that were rarely taught: binomial heaps and sorting 
networks. One key idea in the sorting networks chapter, the 0-1 principle, ap- 
pears in this edition within Problem 8-7 as the 0-1 sorting lemma for compare- 
exchange algorithms. The treatment of Fibonacci heaps no longer relies on 
binomial heaps as a precursor. 
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• We revised our treatment of dynamic programming and greedy algorithms. Dy- 
namic programming now leads off with a more interesting problem, rod cutting, 

^\ than the assembly-line scheduling problem from the second edition. Further- 
more, we emphasize memoization a bit more than we did in the second edition, 
r\)and we introduce the notion of the subproblem graph as a way to understand 
ytft£ running time of a dynamic -programming algorithm. In our opening exam- 
pl/rof greedy algorithms, the activity-selection problem, we get to the greedy 
algo^hm more directly than we did in the second edition. 

• The we delete a node from binary search trees (which includes red-black 
trees) nsra^ guarantees that the node requested for deletion is the node that is 
actually d^ifejed. In the first two editions, in certain cases, some other node 
would be delated, with its contents moving into the node passed to the deletion 
procedure. Witb^ur new way to delete nodes, if other components of a program 
maintain pointers to nodes in the tree, they will not mistakenly end up with stale 
pointers to nodes th^iave been deleted. 

• The material on flow(^tworks now bases flows entirely on edges. This ap- 
proach is more intuitive^tftan the net flow used in the first two editions. 

• With the material on mat^ basics and Strassen's algorithm moved to other 
chapters, the chapter on mat»x operations is smaller than in the second edition. 



We have modified our treatmeM'bf^he Knuth-Morris-Pratt string-matching al- 
gorithm. \ 



We corrected several errors. Most of/these errors were posted on our Web site 
of second-edition errata, but a few wertjj^ot. 

Based on many requests, we changed fhe^^^jjtax (as it were) of our pseudocode. 
We now use " = " to indicate assignment and^==" to test for equality, just as C, 
C++, Java, and Python do. Likewise, we have^Siminated the keywords do and 
then and adopted "//" as our comment-to-end-of-line symbol. We also now use 
dot-notation to indicate object attributes. Our pseudocode remains procedural, 
rather than object-oriented. In other words, rather ihan running methods on 
objects, we simply call procedures, passing objects aVp*rameters. 

We added 100 new exercises and 28 new problems. We also updated many 
bibliography entries and added several new ones. 

Finally, we went through the entire book and rewrote sentences, paragraphs, 
and sections to make the writing clearer and more active. 
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Web site 

rYou can use our Web site, http://mitpress.mit.edu/algorithms/, to obtain supple- 
mentary information and to communicate with us. The Web site links to a list of 
kriown errors, solutions to selected exercises and problems, and (of course) a list 
expraMng the corny professor jokes, as well as other content that we might add. 
The WebSite also tells you how to report errors or make suggestions. 

How we (Seduced this book 



Like the secon^ edition, the third edition was produced in ETpX2£. We used the 
Times font with^athematics typeset using the MathTime Pro 2 fonts. We thank 
Michael Spivak ii^ji Publish or Perish, Inc., Lance Carnes from Personal TeX, 
Inc., and Tim Tregubjoy from Dartmouth College for technical support. As in the 
previous two editions ,^}e* compiled the index using Windex, a C program that we 
wrote, and the bibliography was produced with Bib TeX. The PDF files for this 
book were created on a MacBook running OS 10.5. 

We drew the illustrationMp^ the third edition using MacDraw Pro, with some 
of the mathematical expressrensJn illustrations laid in with the psfrag package 
for LT]hX2£. Unfortunately, MacDraw Pro is legacy software, having not been 
marketed for over a decade now. 'Happily, we still have a couple of Macintoshes 
that can run the Classic envh - onmen\«nder OS 10.4, and hence they can run Mac- 
Draw Pro— mostly. Even under the Classic environment, we find MacDraw Pro to 
be far easier to use than any other drawiiiksoftware for the types of illustrations 
that accompany computer-science text, and>it produces beautiful output. 1 Who 
knows how long our pre-Intel Macs will con^kie to run, so if anyone from Apple 
is listening: Please create an OS X-compatibl^^rsion of MacDraw Prof 

Acknowledgments for the third edition 

We have been working with the MIT Press for over two-decades now, and what a 
terrific relationship it has been! We thank Ellen Faran, Bok Prior, Ada Brunstein, 
and Mary Reilly for their help and support. 

We were geographically distributed while producing the fbird edition, working 
in the Dartmouth College Department of Computer Science, the MIT Computer 



We investigated several drawing programs that run under Mac OS X, but all had significant short- 
comings compared with MacDraw Pro. We briefly attempted to produce the illustrations for this 
book with a different, well known drawing program. We found that it took at least five times as long 
to produce each illustration as it took with MacDraw Pro, and the resulting illustrations did not look 
as good. Hence the decision to revert to MacDraw Pro running on older Macintoshes. 
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Science and Artificial Intelligence Laboratory, and the Columbia University De- 
partment of Industrial Engineering and Operations Research. We thank our re- 
^\ spective universities and colleagues for providing such supportive and stimulating 
v^aivironments. 

rOjulie Sussman, P.P. A., once again bailed us out as the technical copy editor. Time 
aruj^ain, we were amazed at the errors that eluded us, but that Julie caught. She 
also^r/dped us improve our presentation in several places. If there is a Hall of Fame 
for techmcal copyeditors, Julie is a sure-fire, first-ballot inductee. She is nothing 
short ofpp&nomenal. Thank you, thank you, thank you, Julie! Priya Natarajan also 
found some errors that we were able to correct before this book went to press. Any 
errors that remain (and undoubtedly, some do) are the responsibility of the authors 
(and probably were inserted after Julie read the material). 

The treatmenisJfoj> van Emde Boas trees derives from Erik Demaine's notes, 
which were in turn influenced by Michael Bender. We also incorporated ideas 
from Javed Aslam, B<adJey Kuszmaul, and Hui Zha into this edition. 

The chapter on multithreading was based on notes originally written jointly with 
Harald Prokop. The matdn^l was influenced by several others working on the Cilk 
project at MIT, including Bailey Kuszmaul and Matteo Frigo. The design of the 
multithreaded pseudocode to^its inspiration from the MIT Cilk extensions to C 
and by Cilk Arts's Cilk++ extensions to C++. 

We also thank the many reade^yf the first and second editions who reported 
errors or submitted suggestions forTjpw to improve this book. We corrected all the 
bona fide errors that were reported, asrcKwe incorporated as many suggestions as 
we could. We rejoice that the number of/SHch contributors has grown so great that 
we must regret that it has become impractical to list them all. 

Finally, we thank our wives— Nicole Carpten, Wendy Leiserson, Gail Rivest, 
and Rebecca Ivry— and our children— RickyrWill, Debby, and Katie Leiserson; 
Alex and Christopher Rivest; and Molly, Noah, atra>£enjamin Stein— for their love 
and support while we prepared this book. The parience and encouragement of our 
families made this project possible. We affectionate^ ^dicate this book to them. 
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Introduction 

This pail will start you thijjkmg about designing and analyzing algorithms. It is 
intended to be a gentle intro^jction to how we specify algorithms, some of the 
design strategies we will use throughout this book, and many of the fundamental 
ideas used in algorithm analysis, femier parts of this book will build upon this base. 

Chapter 1 provides an overview Q^ugorifhms and their place in modern com- 
puting systems. This chapter defines w^f an algorithm is and lists some examples. 
It also makes a case that we should consider algorithms as a technology, along- 
side technologies such as fast hardware>§RRhical user interfaces, object-oriented 
systems, and networks. Jf\ 

In Chapter 2, we see our first algorithms,Sahich solve the problem of sorting 
a sequence of n numbers. They are written in a-nreudocode which, although not 
directly translatable to any conventional programming language, conveys the struc- 
ture of the algorithm clearly enough that you should»be able to implement it in the 
language of your choice. The sorting algorithms weCgxamine are insertion sort, 
which uses an incremental approach, and merge sort, whMi uses a recursive tech- 
nique known as "divide-and-conquer." Although the time\ejfch requires increases 
with the value of n, the rate of increase differs between the two algorithms. We 
determine these running times in Chapter 2, and we develop a useful notation to 
express them. 

Chapter 3 precisely defines this notation, which we call asymptotic notation. It 
stalls by defining several asymptotic notations, which we use for bounding algo- 
rithm running times from above and/or below. The rest of Chapter 3 is primarily 
a presentation of mathematical notation, more to ensure that your use of notation 
matches that in this book than to teach you new mathematical concepts. 
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Chapter 4 delves further into the divide-and-conquer method introduced in 
Chapter 2. It provides additional examples of divide-and-conquer algorithms, in- 
•^iluding Strassen's surprising method for multiplying two square matrices. Chap- 
■t€p4 contains methods for solving recurrences, which are useful for describing 
th^Ainning times of recursive algorithms. One powerful technique is the "mas- 
ter n^efjiod," which we often use to solve recurrences that arise from divide-and- 
conquJeiralgorithms. Although much of Chapter 4 is devoted to proving the cor- 
rectness O^the master method, you may skip this proof yet still employ the master 
method. 

Chapter ^uujeduces probabilistic analysis and randomized algorithms. We typ- 
ically use probabilistic analysis to determine the running time of an algorithm in 
cases in which, ydue to the presence of an inherent probability distribution, the 
running time may^iffer on different inputs of the same size. In some cases, we 
assume that the inpifts conform to a known probability distribution, so that we are 
averaging the running HJme, over all possible inputs. In other cases, the probability 
distribution comes not fr^m the inputs but from random choices made during the 
course of the algorithm. ArCalgorithm whose behavior is determined not only by its 
input but by the values produced by a random-number generator is a randomized 
algorithm. We can use randomi^i algorithms to enforce a probability distribution 
on the inputs— thereby ensuring tf^at no particular input always causes poor perfor- 
mance—or even to bound the error^ale of algorithms that are allowed to produce 
incorrect results on a limited basis, 

Appendices A-D contain other mathematical material that you will find helpful 
as you read this book. You are likely to (have seen much of the material in the 
appendix chapters before having read thiVBpek (although the specific definitions 
and notational conventions we use may diffeVi&vSome cases from what you have 
seen in the past), and so you should think of tne^ippendices as reference material. 
On the other hand, you probably have not alreaw»een most of the material in 
Part I. All the chapters in Part I and the Appendrses are written with a tutorial 
flavor. • 

\ 



1 • _ The Role of Algorithms in Computing 

What are algorfthms? Why is the study of algorithms worthwhile? What is the role 
of algorithms relatij^ to other technologies used in computers? In this chapter, we 
will answer these questions. 

% 

1.1 Algorithms 

Informally, an algorithm is any well-defined computational procedure that takes 
some value, or set of values, as input and produces some value, or set of values, as 
output. An algorithm is thus a sequence of computational steps that transform the 
input into the output. ^ ^ 

We can also view an algorithm as a^oel for solving a well-specified computa- 
tional problem. The statement of the proMem specifies in general terms the desired 
input/output relationship. The algorithm describes a specific computational proce- 
dure for achieving that input/output relatioriSnip. 

For example, we might need to sort a seque^S £>f numbers into nondecreasing 
order. This problem arises frequently in practiceCand provides fertile ground for 
introducing many standard design techniques and analysis tools. Here is how we 
formally define the sorting problem: 

Input: A sequence of n numbers (ai, a 2 , . . . ,a n ). 

Output: A permutation (reordering) (a[, a' 2 , . . . , a' n ) of the input sequence such 
thatflj < a' 2 < ••• < a'„. 

For example, given the input sequence (31, 41, 59, 26, 41, 58), a sorting algorithm 
returns as output the sequence (26, 31, 41, 41, 58, 59). Such an input sequence is 
called an instance of the sorting problem. In general, an instance of a problem 
consists of the input (satisfying whatever constraints are imposed in the problem 
statement) needed to compute a solution to the problem. 
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Because many programs use it as an intermediate step, sorting is a fundamental 
operation in computer science. As a result, we have a large number of good sorting 
•^lgprithms at our disposal. Which algorithm is best for a given application depends 
among other factors— the number of items to be sorted, the extent to which 
th^ftems are already somewhat sorted, possible restrictions on the item values, 
the architecture of the computer, and the kind of storage devices to be used: main 
memoTxcdisks, or even tapes. 

An algorithm is said to be correct if, for every input instance, it halts with the 
correct outnat. We say that a correct algorithm solves the given computational 
problem. Arnn^errect algorithm might not halt at all on some input instances, or it 
might halt wimaa incorrect answer. Contrary to what you might expect, incorrect 
algorithms can sometimes be useful, if we can control their error rate. We shall see 
an example of an algorithm with a controllable error rate in Chapter 31 when we 
study algorithms forsfinduig large prime numbers. Ordinarily, however, we shall 
be concerned only witl<coxrect algorithms. 

An algorithm can be Specified in English, as a computer program, or even as 
a hardware design. The orvni>requirement is that the specification must provide a 
precise description of the computational procedure to be followed. 

What kinds of problems are sohied^»y algorithms? 

Sorting is by no means the only computational problem for which algorithms have 
been developed. (You probably suspecteekas much when you saw the size of this 
book.) Practical applications of algorithmvare ubiquitous and include the follow- 
ing examples: 

• The Human Genome Project has made gre^Cptogress toward the goals of iden- 
tifying all the 100,000 genes in human DNA, ©termining the sequences of the 
3 billion chemical base pairs that make up humour DNA, storing this informa- 
tion in databases, and developing tools for data analysis. Each of these steps 
requires sophisticated algorithms. Although the sol{ffi)pns to the various prob- 
lems involved are beyond the scope of this book, man^~fnefhods to solve these 
biological problems use ideas from several of the chaptef^ki this book, thereby 
enabling scientists to accomplish tasks while using resources efficiently. The 
savings are in time, both human and machine, and in money, as more informa- 
tion can be extracted from laboratory techniques. 

• The Internet enables people all around the world to quickly access and retrieve 
large amounts of information. With the aid of clever algorithms, sites on the 
Internet are able to manage and manipulate this large volume of data. Examples 
of problems that make essential use of algorithms include finding good routes 
on which the data will travel (techniques for solving such problems appear in 
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Chapter 24), and using a search engine to quickly find pages on which particular 
information resides (related techniques are in Chapters 11 and 32). 

Electronic commerce enables goods and services to be negotiated and ex- 
\s changed electronically, and it depends on the privacy of personal informa- 
in such as credit card numbers, passwords, and bank statements. The core 
^technologies used in electronic commerce include public -key cryptography and 
di^jlal signatures (covered in Chapter 31), which are based on numerical algo- 
rithm^ and number theory. 

• Manuf^urjng and other commercial enterprises often need to allocate scarce 
resourceX^nthe most beneficial way. An oil company may wish to know where 
to place itsM$3lls in order to maximize its expected profit. A political candidate 
may want toldj^termine where to spend money buying campaign advertising in 
order to maxiq(iSe the chances of winning an election. An airline may wish 
to assign crews ts^fghts in the least expensive way possible, making sure that 
each flight is cover^tfWd that government regulations regarding crew schedul- 
ing are met. An Intern^Kservice provider may wish to determine where to place 
additional resources inkier to serve its customers more effectively. All of 
these are examples of prohhsms that can be solved using linear programming, 
which we shall study in Chapter 29. 

Although some of the details ;se examples are beyond the scope of this 
book, we do give underlying techniques that apply to these problems and problem 
areas. We also show how to solve man£specific problems, including the following: 

• We are given a road map on which tfieclistance between each pair of adjacent 
intersections is marked, and we wish tcHfetermine the shortest route from one 
intersection to another. The number of pmsibJe routes can be huge, even if we 
disallow routes that cross over themselves.v-How do we choose which of all 
possible routes is the shortest? Here, we model the road map (which is itself 
a model of the actual roads) as a graph (which* we will meet in Part VI and 
Appendix B), and we wish to find the shortest patl(^om one vertex to another 
in the graph. We shall see how to solve this problem @iciently in Chapter 24. 

• We are given two ordered sequences of symbols, X =v^x 1 , x 2 , ■ ■ ■ , x m ) and 
Y = (ji* y%i • • • > yn)> an d we wish to find a longest common subsequence of 
X and Y. A subsequence of X is just X with some (or possibly all or none) of 
its elements removed. For example, one subsequence of (A, B, C, D, E, F, G) 
would be (B, C, E, G). The length of a longest common subsequence of X 
and Y gives one measure of how similar these two sequences are. For example, 
if the two sequences are base pairs in DNA strands, then we might consider 
them similar if they have a long common subsequence. If X has m symbols 
and Y has n symbols, then X and Y have 2 m and 2" possible subsequences, 
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respectively. Selecting all possible subsequences of X and Y and matching 
them up could take a prohibitively long time unless m and n are very small. 
We shall see in Chapter 15 how to use a general technique known as dynamic 
^^programming to solve this problem much more efficiently. 

• ^^eare given a mechanical design in terms of a library of parts, where each part 

may* include instances of other pails, and we need to list the pails in order so 
fhat(^ch part appeal's before any pail that uses it. If the design comprises n 
pails, (S^en there are n \ possible orders, where n! denotes the factorial function. 
Becauser^he factorial function grows faster than even an exponential function, 
we cannot^feasibly generate each possible order and then verify that, within 
that order, e#6fa part appeal's before the pails using it (unless we have only a 
few pails). Tn^sjjroblem is an instance of topological sorting, and we shall see 
in Chapter 22 how^o solve this problem efficiently. 

• We are given n points in the plane, and we wish to find the convex hull of 
these points. The co^fcx hull is the smallest convex polygon containing the 
points. Intuitively, we £an think of each point as being represented by a nail 
sticking out from a board^The convex hull would be represented by a tight 
rubber band that surrounas^l the nails. Each nail around which the rubber 
band makes a turn is a vertex of the convex hull. (See Figure 33.6 on page 1029 
for an example.) Any of the 2>4ubsets of the points might be the vertices 
of the convex hull. Knowing wnlch>points are vertices of the convex hull is 
not quite enough, either, since we bLsq need to know the order in which they 
appeal - . There are many choices, thererare, for the vertices of the convex hull. 
Chapter 33 gives two good methods fatrffr^ing the convex hull. 

These lists are far from exhaustive (as you<^g^in have probably surmised from 
this book's heft), but exhibit two characteristics t@ are common to many interest- 
ing algorithmic problems: 

1. They have many candidate solutions, the overwhelming majority of which do 
not solve the problem at hand. Finding one that does> prone that is "best," can 
present quite a challenge. S/*i 

2. They have practical applications. Of the problems in the arove list, finding the 
shortest path provides the easiest examples. A transportation firm, such as a 
trucking or railroad company, has a financial interest in finding shortest paths 
through a road or rail network because taking shorter paths results in lower 
labor and fuel costs. Or a routing node on the Internet may need to find the 
shortest path through the network in order to route a message quickly. Or a 
person wishing to drive from New York to Boston may want to find driving 
directions from an appropriate Web site, or she may use her GPS while driving. 
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Not every problem solved by algorithms has an easily identified set of candidate 
solutions. For example, suppose we are given a set of numerical values represent- 
ing samples of a signal, and we want to compute the discrete Fourier transform of 
v'niese samples. The discrete Fourier transform converts the time domain to the fre- 
crakncy domain, producing a set of numerical coefficients, so that we can determine 
the^syength of various frequencies in the sampled signal. In addition to lying at 
the lwKt of signal processing, discrete Fourier transforms have applications in data 
compression and multiplying large polynomials and integers. Chapter 30 gives 
an efficien&algorifhm, the fast Fourier transform (commonly called the FFT), for 
this problem^nd the chapter also sketches out the design of a hardware circuit to 
compute the^FTxT. 

Data structures x 

This book also conta^ifs several data structures. A data structure is a way to store 
and organize data in o(der to facilitate access and modifications. No single data 
structure works well for ^purposes, and so it is important to know the strengths 
and limitations of several of^h em. 

Technique , . 

Although you can use this book asSr'cj>okbook" for algorithms, you may someday 
encounter a problem for which you cannot readily find a published algorithm (many 
of the exercises and problems in this boeje for example). This book will teach you 
techniques of algorithm design and anal^v so that you can develop algorithms on 
your own, show that they give the correct answer, and understand their efficiency. 
Different chapters address different aspects m^gorithmic problem solving. Some 
chapters address specific problems, such as finauremedians and order statistics in 
Chapter 9, computing minimum spanning trees i^Chapter 23, and determining a 
maximum flow in a network in Chapter 26. Othe& chapters address techniques, 
such as divide-and-conquer in Chapter 4, dynamic programming in Chapter 15, 
and amortized analysis in Chapter 17. Q 

Hard problems 

Most of this book is about efficient algorithms. Our usual measure of efficiency 
is speed, i.e., how long an algorithm takes to produce its result. There are some 
problems, however, for which no efficient solution is known. Chapter 34 studies 
an interesting subset of these problems, which are known as NP-complete. 

Why are NP-complete problems interesting? First, although no efficient algo- 
rithm for an NP-complete problem has ever been found, nobody has ever proven 
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that an efficient algorithm for one cannot exist. In other words, no one knows 
whether or not efficient algorithms exist for NP-complete problems. Second, the 
•^etof NP-complete problems has the remarkable property that if an efficient algo- 
■rtmm exists for any one of them, then efficient algorithms exist for all of them. This 
relationship among the NP-complete problems makes the lack of efficient solutions 
all ojeTnore tantalizing. Third, several NP-complete problems are similar, but not 
identi£afc\to problems for which we do know of efficient algorithms. Computer 
scientistS/^e intrigued by how a small change to the problem statement can cause 
a big change*) the efficiency of the best known algorithm. 

You should kiow about NP-complete problems because some of them arise sur- 
prisingly often hureal applications. If you are called upon to produce an efficient 
algorithm for an*NP-complete problem, you are likely to spend a lot of time in a 
fruitless search. Iryou^can show that the problem is NP-complete, you can instead 
spend your time dewlopyig an efficient algorithm that gives a good, but not the 
best possible, solution^ x 

As a concrete example^ consider a delivery company with a central depot. Each 
day, it loads up each deliveiv^uck at the depot and sends it around to deliver goods 
to several addresses. At the the day, each truck must end up back at the depot 

so that it is ready to be loaded f($K)he next day. To reduce costs, the company wants 
to select an order of delivery stop^ that yields the lowest overall distance traveled 
by each truck. This problem is the \^ejl-known "traveling-salesman problem," and 
it is NP-complete. It has no known efficient algorithm. Under certain assumptions, 
however, we know of efficient algorithms that give an overall distance which is 
not too far above the smallest possible. Crumter 35 discusses such "approximation 
algorithms." ^<C\ 

Parallelism Q 

For many years, we could count on processor clock^speeds increasing at a steady 
rate. Physical limitations present a fundamental roadbtock to ever-increasing clock 
speeds, however: because power density increases supe@iearly with clock speed, 
chips run the risk of melting once their clock speeds becor©high enough. In order 
to perform more computations per second, therefore, chips^Sp being designed to 
contain not just one but several processing "cores." We can liken these multicore 
computers to several sequential computers on a single chip; in other words, they are 
a type of "parallel computer." In order to elicit the best performance from multicore 
computers, we need to design algorithms with parallelism in mind. Chapter 27 
presents a model for "multithreaded" algorithms, which take advantage of multiple 
cores. This model has advantages from a theoretical standpoint, and it forms the 
basis of several successful computer programs, including a championship chess 
program. 
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*2> Exercises 

^€ive a real-world example that requires sorting or a real-world example that re- 
, <^uires computing a convex hull. 

Othe^ an speed, what other measures of efficiency might one use in a real-world 
setting^ 

1.1-3 

Select a data s^ucture that you have seen previously, and discuss its strengths and 
limitations. \§\ 

1.1-4 <* 

How are the shortest<path and traveling-salesman problems given above similar? 
How are they different^ 

<^ 

Come up with a real-world pi^lem in which only the best solution will do. Then 
come up with one in which a solution that is "approximately" the best is good 
enough. ^ 

\ 

1.2 Algorithms as a technology V £X 

Suppose computers were infinitely fast anif^omputer memory was free. Would 
you have any reason to study algorithms? The a^wer is yes, if for no other reason 
than that you would still like to demonstrate that ^our solution method terminates 
and does so with the correct answer. • 

If computers were infinitely fast, any correct me(HM for solving a problem 
would do. You would probably want your implementati<(5n)to be within the bounds 
of good software engineering practice (for example, your^iplementation should 
be well designed and documented), but you would most often use whichever 
method was the easiest to implement. 

Of course, computers may be fast, but they are not infinitely fast. And memory 
may be inexpensive, but it is not free. Computing time is therefore a bounded 
resource, and so is space in memory. You should use these resources wisely, and 
algorithms that are efficient in terms of time or space will help you do so. 
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Efficiency 

^Different algorithms devised to solve the same problem often differ dramatically in 
tjieftr efficiency. These differences can be much more significant than differences 
dtfe to hardware and software. 

«s^h example, in Chapter 2, we will see two algorithms for sorting. The first, 
knowirjis insertion sort, takes time roughly equal to C\n 2 to sort n items, where Ci 
is a constant that does not depend on n. That is, it takes time roughly proportional 
to n 2 . T^second, merge sort, takes time roughly equal to c 2 n\gn, where lgn 
stands for 16^ «^and c 2 is another constant that also does not depend on n. Inser- 
tion sort typii^tlly has a smaller constant factor than merge sort, so that C\ < c 2 . 
We shall see thatjhe constant factors can have far less of an impact on the running 
time than the dep^Sence on the input size n . Let's write insertion sort's running 
time as Citi ■ n and m^ge sort's running time as c 2 n ■ lg n. Then we see that where 
insertion sort has a faG^r'of n in its running time, merge sort has a factor of lg n, 
which is much smaller. ^>r example, when n = 1000, lg« is approximately 10, 
and when n equals one million, lg n is approximately only 20.) Although insertion 
sort usually runs faster marrrofcfge sort for small input sizes, once the input size n 
becomes large enough, merge port's advantage of lg n vs. n will more than com- 
pensate for the difference in constant factors. No matter how much smaller c x is 
than c 2 , there will always be a crossover point beyond which merge sort is faster. 

For a concrete example, let us pit Was$er computer (computer A) running inser- 
tion sort against a slower computer (computer B) running merge sort. They each 
must sort an array of 10 million numbeW_i Although 10 million numbers might 
seem like a lot, if the numbers are eight^yte integers, then the input occupies 
about 80 megabytes, which fits in the memoJjSfjf even an inexpensive laptop com- 
puter many times over.) Suppose that computexA executes 10 billion instructions 
per second (faster than any single sequential con@iter at the time of this writing) 
and computer B executes only 10 million instructions per second, so that com- 
puter A is 1000 times faster than computer B in raw computing power. To make 
the difference even more dramatic, suppose that the wofRJ.'s craftiest programmer 
codes insertion sort in machine language for computer ^Tjjnd the resulting code 
requires 2n 2 instructions to sort n numbers. Suppose furtbj^that just an average 
programmer implements merge sort, using a high-level language with an inefficient 
compiler, with the resulting code taking 50/i lg n instructions. To sort 10 million 
numbers, computer A takes 

2 • (10 7 ) 2 instructions 

20,000 seconds (more than 5.5 hours) , 



10 10 instructions/second 



while computer B takes 
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50 • 10 7 lg 10 7 instructions 

ss 1 1 63 seconds (less than 20 minutes) . 

10 7 instructions/second 

\J$y using an algorithm whose running time grows more slowly, even with a poor 
vdompiler, computer B runs more than 17 times faster than computer A! The advan- 
tage^bf merge sort is even more pronounced when we sort 100 million numbers: 
whereJnsertion sort takes more than 23 days, merge sort takes under four hours. 
In general, as the problem size increases, so does the relative advantage of merge 
sort. Qv, 

^? . 

Algorithms^uid other technologies 



The example ab^jfc shows that we should consider algorithms, like computer hard- 
ware, as a technol^y. Total system performance depends on choosing efficient 
algorithms as much asXfn choosing fast hardware. Just as rapid advances are being 
made in other compurep^chnologies, they are being made in algorithms as well. 

You might wonder whetfier algorithms are truly that important on contemporary 
computers in light of ofheY^Sfyanced technologies, such as 

• advanced computer archit^ttares and fabrication technologies, 

• easy-to-use, intuitive, graphiCaL^ser interfaces (GUIs), 

• object-oriented systems, ^> 

• integrated Web technologies, and Q 



• fast networking, both wired and wirs^, 

The answer is yes. Although some applications do not explicitly require algorith- 
mic content at the application level (such as some^imple, Web-based applications), 
many do. For example, consider a Web-based service that determines how to travel 
from one location to another. Its implementation would rely on fast hardware, a 
graphical user interface, wide-area networking, and also possibly on object ori- 
entation. However, it would also require algorithms ror-certain operations, such 
as finding routes (probably using a shortest-path algorithm^, rendering maps, and 
interpolating addresses. \? 

Moreover, even an application that does not require algorithmic content at the 
application level relies heavily upon algorithms. Does the application rely on fast 
hardware? The hardware design used algorithms. Does the application rely on 
graphical user interfaces? The design of any GUI relies on algorithms. Does the 
application rely on networking? Routing in networks relies heavily on algorithms. 
Was the application written in a language other than machine code? Then it was 
processed by a compiler, interpreter, or assembler, all of which make extensive use 
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of algorithms. Algorithms are at the core of most technologies used in contempo- 
, rary computers. 

^\ Furthermore, with the ever-increasing capacities of computers, we use them to 
A larger problems than ever before. As we saw in the above comparison be- 
tween insertion sort and merge sort, it is at larger problem sizes that the differences 
in ei^raency between algorithms become particularly prominent. 

Havura a solid base of algorithmic knowledge and technique is one characteristic 
that separates the truly skilled programmers from the novices. With modern com- 
puting teCTinGilogy, you can accomplish some tasks without knowing much about 
algorithms, mikwifh a good background in algorithms, you can do much, much 
more. \ j> 

V 

Exercises \ 
12-1 V>* 

Give an example of an ajSpTication that requires algorithmic content at the applica- 
tion level, and discuss the fi^jction of the algorithms involved. 

1.2-2 ^ 

Suppose we are comparing implementations of insertion sort and merge sort on the 
same machine. For inputs of size*/L^isertion sort runs in 8« 2 steps, while merge 
sort runs in 64m \gn steps. For which values of n does insertion sort beat merge 
sort? \q 

1.2-3 vS> 

What is the smallest value of n such that an algorithm whose running time is 100n 2 
runs faster than an algorithm whose running ^rfie)is 2" on the same machine? 

°6 



Problems 



O 

1-1 Comparison of running times V A 
For each function f{n) and time t in the following table, determine the largest 
size n of a problem that can be solved in time t, assuming that the algorithm to 
solve the problem takes / (n) microseconds. 
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Chapter notes 



There are many excellent tt^fs on the general topic of algorithms, including those 
by Aho, Hopcroft, and Ullman\[5, 6]; Baase and Van Gelder [28]; Brassard and 
Bratley [54]; Dasgupta, Papaoimitriou, and Vazirani [82]; Goodrich and Tamassia 
[148]; Hofri [175]; Horowitz, 5ab*i, and Rajasekaran [181]; Johnsonbaugh and 
Schaefer [193]; Kingston [205]; Klej&berg and Tardos [208]; Knuth [209, 210, 
211]; Kozen [220]; Levitin [235]; ]V*apher [242]; Mehlhorn [249, 250, 251]; Pur- 
dom and Brown [287]; Reingold, Nievdmelt, and Deo [293]; Sedgewick [306]; 
Sedgewick and Flajolet [307]; Skiena {jrol: and Wilf [356]. Some of the more 
practical aspects of algorithm design are discussed by Bentley [42, 43] and Gonnet 
[145]. Surveys of the field of algorithms cairaLsa be found in the Handbook of The- 
oretical Computer Science, Volume A [342] an RC Algorithms and Theory of 
Computation Handbook [25]. Overviews of the s<(gbrithms used in computational 
biology can be found in textbooks by Gusfield [156], Pevzner [275], Setubal and 
Meidanis [3 10] , and Waterman [350] . Q. 
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2 ' getting Started 

"A 

This chapter wilr familiarize you with the framework we shall use throughout the 
book to think about tU^ design and analysis of algorithms. It is self-contained, but 
it does include several references to material that we introduce in Chapters 3 and 4. 
(It also contains several summations, which Appendix A shows how to solve.) 

We begin by examining the insertion sort algorithm to solve the sorting problem 
introduced in Chapter 1 . WerdWine a "pseudocode" that should be familiar to you if 
you have done computer programming, and we use it to show how we shall specify 
our algorithms. Having specifieuxhe insertion sort algorithm, we then argue that it 
correctly sorts, and we analyze its* unning time. The analysis introduces a notation 
that focuses on how that time incr©es. with the number of items to be sorted. 
Following our discussion of insertiort^Sort, we introduce the divide-and-conquer 
approach to the design of algorithms 2@ use it to develop an algorithm called 
merge sort. We end with an analysis of me^gte sort's running time. 

% 

2.1 Insertion sort O 

Our first algorithm, insertion sort, solves the sorting problem introduced in Chap- 
ter 1: Q 

Input: A sequence of n numbers (ai, a 2 , . . . , a n ). 

Output: A permutation (reordering) (a[, a' 2 , . . . , a' n ) of theMnput sequence such 
thata'j < a' 2 < ■■■ < a' n . 

The numbers that we wish to sort are also known as the keys. Although conceptu- 
ally we are sorting a sequence, the input comes to us in the form of an array with n 
elements. 

In this book, we shall typically describe algorithms as programs written in a 
pseudocode that is similar in many respects to C, C++, Java, Python, or Pascal. If 
you have been introduced to any of these languages, you should have little trouble 
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Figure 2.1 Sorting a hancUHNcards using insertion sort. 

reading our algorithms, W^nat separates pseudocode from "real" code is that in 
pseudocode, we employ whaler expressive method is most clear and concise to 
specify a given algorithm. Sometimes, the clearest method is English, so do not 
be surprised if you come across ^^inglish phrase or sentence embedded within 
a section of "real" code. Another difference between pseudocode and real code 
is that pseudocode is not typically coneeped with issues of software engineering. 
Issues of data abstraction, modularity, aria-error handling are often ignored in order 
to convey the essence of the algorithm roefcconcisely. 

We start with insertion sort, which is air-efficient algorithm for sorting a small 
number of elements. Insertion sort worksnrieuvay many people sort a hand of 
playing cards. We start with an empty left hand'and the cards face down on the 
table. We then remove one card at a time from, the table and insert it into the 
correct position in the left hand. To find the correct position for a card, we compare 
it with each of the cards already in the hand, from rQit to left, as illustrated in 
Figure 2.1. At all times, the cards held in the left hand ©sorted, and these cards 
were originally the top cards of the pile on the table. vO 

We present our pseudocode for insertion sort as a procedure called INSERTION - 
SORT, which takes as a parameter an array A[\ . .n] containing a sequence of 
length n that is to be sorted. (In the code, the number n of elements in A is denoted 
by A. length.) The algorithm sorts the input numbers in place: it rearranges the 
numbers within the array A, with at most a constant number of them stored outside 
the array at any time. The input array A contains the sorted output sequence when 
the Insertion-Sort procedure is finished. 
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Figure 2.2 ^iptfs operation of INSERTION-SORT on the array ^ = (5, 2, 4, 6, 1, 3). Array indices 
appear above rile rectangles, and values stored in the array positions appear within the rectangles. 
(a)-(e) The iterations of the for loop of lines 1-8. In each iteration, the black rectangle holds the 
key taken from ^[^LMiich is compared with the values in shaded rectangles to its left in the test of 
line 5. Shaded arrows^ifcw array values moved one position to the right in line 6, and black arrows 
indicate where the key rno^s to in line 8. (f) The final sorted array. 

v>' 

Insertion-Sort (.4) <A 

1 for j = 2 to A . length(\> 

2 key = A[j] <* 
// Insert A[j] into the tf^jted sequence A[l . . j — I]. 

1 = J ~ 1 

while i > 0 and A[i] > keys^\ 
A[i + 1] = A[i] 

o 

% 

Loop invariants and the correctness of inser^i sort 

Figure 2.2 shows how this algorithm works forQ) = (5, 2, 4, 6, 1, 3). The in- 
dex j indicates the "current card" being inserted ii(to the hand. At the beginning 
of each iteration of the for loop, which is indexed by j , the subarray consisting 
of elements A[l . . j — 1] constitutes the currently sorte^Tbiand, and the remaining 
subarray A[j + 1 . . n] corresponds to the pile of cards st^on the table. In fact, 
elements A[\ . . j — 1] are the elements originally in positiowj through j — 1, but 
now in sorted order. We state these properties of A[l . . j — 1] formally as a loop 
invariant: 



A[i + 1] 



/' - 1 

= key 



At the start of each iteration of the for loop of lines 1-8, the subarray 
A[l . . j — 1] consists of the elements originally inA[l..j — l], but in sorted 
order. 

We use loop invariants to help us understand why an algorithm is correct. We 
must show three things about a loop invariant: 
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Initialization: It is true prior to the first iteration of the loop. 

Maintenance: If it is true before an iteration of the loop, it remains true before the 
> next iteration. 




mination: When the loop terminates, the invariant gives us a useful property 
^Jja^t helps show that the algorithm is correct. 

Whei^tjhe first two properties hold, the loop invariant is true prior to every iteration 
of the l^p. (Of course, we are free to use established facts other than the loop 
invariant id^lf to prove that the loop invariant remains true before each iteration.) 
Note the sirnj&irity to mathematical induction, where to prove that a property holds, 
you prove a b^sk case and an inductive step. Here, showing that the invariant holds 
before the first Ttej^tion corresponds to the base case, and showing that the invariant 
holds from iteratioa^o iteration corresponds to the inductive step. 

The third property i^perhaps the most important one, since we are using the loop 
invariant to show correctness. Typically, we use the loop invariant along with the 
condition that caused the loop to terminate. The termination property differs from 
how we usually use mathematical induction, in which we apply the inductive step 
infinitely; here, we stop the^'induction" when the loop terminates. 

Let us see how these properties hold for insertion sort. 

Initialization: We start by showjfff^ that the loop invariant holds before the first 
loop iteration, when j = 2} T^e^subarray A[l . . j — 1], therefore, consists 
of just the single element ^4[1], whish is in fact the original element in A[l]. 
Moreover, this subarray is sorted (mvially, of course), which shows that the 
loop invariant holds prior to the first^rte^tjon of the loop. 

Maintenance: Next, we tackle the second < f(K^perty: showing that each iteration 
maintains the loop invariant. Informally, t^)body of the for loop works by 
moving A [j — 1], A[j — 2], A[j — 3], and s^&n by one position to the right 
until it finds the proper position for A[j] (lines 4-7), at which point it inserts 
the value of A[j] (line 8). The subarray A[l . . j] tiroji consists of the elements 
originally in A[l . . j], but in sorted order. Incrementing j for the next iteration 
of the for loop then preserves the loop invariant. y A 

A more formal treatment of the second property wouldTequire us to state and 
show a loop invariant for the while loop of lines 5-7. At this point, however, 



When the loop is a for loop, the moment at which we check the loop invariant just prior to the first 
iteration is immediately after the initial assignment to the loop-counter variable and just before the 
first test in the loop header. In the case of INSERTION-SORT, this time is after assigning 2 to the 
variable j but before the first test of whether j < A. length. 
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we prefer not to get bogged down in such formalism, and so we rely on our 
informal analysis to show that the second property holds for the outer loop. 

mination: Finally, we examine what happens when the loop terminates. The 
'^condition causing the for loop to terminate is that j > A. length = n. Because 
C^ach loop iteration increases ; by 1, we must have j = n + 1 at that time. 
Sffifetituting n + 1 for j in the wording of loop invariant, we have that the 
subway A[l . . n] consists of the elements originally in A[l . . n], but in sorted 
order.(^bserving that the subarray A[l . . n] is the entire array, we conclude that 
the entis^rray is sorted. Hence, the algorithm is correct. 

We shall u^ti tiis method of loop invariants to show correctness later in this 
chapter and in cfuier chapters as well. 



Pseudocode conventions. 

We use the following contentions in our pseudocode. 

• Indentation indicates bl structure. For example, the body of the for loop that 
begins on line 1 consists o$\unes 2-8, and the body of the while loop that begins 
on line 5 contains lines 6-t^>ut not line 8. Our indentation style applies to 
if-else statements 2 as well. Usigig indentation instead of conventional indicators 
of block structure, such as begi^and end statements, greatly reduces clutter 
while preserving, or even enhancin^klarity. 3 

• The looping constructs while, for, ai©repeat-until and the if-else conditional 
construct have interpretations similar^khose in C, C++, Java, Python, and 
Pascal. 4 In this book, the loop counter r^ins its value after exiting the loop, 
unlike some situations that arise in C++, J^j), and Pascal. Thus, immediately 
after a for loop, the loop counter's value is th^alue that first exceeded the for 
loop bound. We used this property in our correctness argument for insertion 
sort. The for loop header in line 1 is for j = 2 to A. length, and so when 
this loop terminates, j = A. length + 1 (or, equivateaitly, j = n + 1, since 
n = A. length). We use the keyword to when a for ^p increments its loop 



3> 



2 In an if-else statement, we indent else at the same level as its matching if. Although we omit the 
keyword then, we occasionally refer to the portion executed when the test following if is true as a 
then clause. For multiway tests, we use elseif for tests after the first one. 

3 Each pseudocode procedure in this book appears on one page so that you will not have to discern 
levels of indentation in code that is split across pages. 

4 Most block-structured languages have equivalent constructs, though the exact syntax may differ. 
Python lacks repeat-until loops, and its for loops operate a little differently from the for loops in 
this book. 
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counter in each iteration, and we use the keyword downto when a for loop 
decrements its loop counter. When the loop counter changes by an amount 
greater than 1 , the amount of change follows the optional keyword by. 

The symbol "//" indicates that the remainder of the line is a comment. 



A^multiple assignment of the form i = j = e assigns to both variables i and j 
tHe^value of expression e; it should be treated as equivalent to the assignment 
j followed by the assignment i = j . 

Variables (such as i, j , and key) are local to the given procedure. We shall not 
use gldr^al>variables without explicit indication. 

We acces*^iray elements by specifying the array name followed by the in- 
dex in squaae^Torackets. For example, A[i] indicates the ith element of the 
array A. The rotation ". ." is used to indicate a range of values within an ar- 
ray. Thus, A[l .^'indicates the subarray of A consisting of the j elements 
A[l],A[2],...,Ajj^ 

We typically organize^ompound data into objects, which are composed of 
attributes. We access particular attribute using the syntax found in many 
object-oriented programming languages: the object name, followed by a dot, 
followed by the attribute name. For example, we treat an array as an object 
with the attribute length indic^^g how many elements it contains. To specify 
the number of elements in an arra^4, we write A. length. 

We treat a variable representing an(aj)ray or object as a pointer to the data rep- 
resenting the array or object. For all ^fftjbutes / of an object x, setting y = x 
causes y.f to equal x.f. Moreover, if\^now set x.f = 3, then afterward not 
only does x.f equal 3, but y.f equals 3,a^^ell. In other words, x and y point 
to the same object after the assignment y 

Our attribute notation can "cascade." For exam^e, suppose that the attribute / 
is itself a pointer to some type of object that has an attribute g. Then the notation 
x.f.g is implicitly parenthesized as (x.f).g. In oth^Pjvords, if we had assigned 
y = x.f, then x.f.g is the same as y.g. Q 

Sometimes, a pointer will refer to no object at all. In'^g case, we give it the 
special value NIL. 

We pass parameters to a procedure by value: the called procedure receives its 
own copy of the parameters, and if it assigns a value to a parameter, the change 
is not seen by the calling procedure. When objects are passed, the pointer to 
the data representing the object is copied, but the object's attributes are not. For 
example, if x is a parameter of a called procedure, the assignment x = y within 
the called procedure is not visible to the calling procedure. The assignment 
x.f = 3, however, is visible. Similarly, arrays are passed by pointer, so that 
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a pointer to the array is passed, rather than the entire array, and changes to 
individual array elements are visible to the calling procedure. 

A return statement immediately transfers control back to the point of call in 
^^the calling procedure. Most return statements also take a value to pass back to 
($ec aller. Our pseudocode differs from many programming languages in that 
wCkllow multiple values to be returned in a single return statement. 

• Th^oolean operators "and" and "or" are short circuiting. That is, when we 
evaluat^the expression "x and y" we first evaluate x. If x evaluates to FALSE, 
then the'^Htire expression cannot evaluate to TRUE, and so we do not evaluate y. 
If, on the {sprier hand, x evaluates to TRUE, we must evaluate y to determine the 
value of fhe^e^tire expression. Similarly, in the expression "x or y" we eval- 
uate the expre^^n y only if x evaluates to FALSE. Short-circuiting operators 
allow us to write^Solean expressions such as "x ^ NIL and x.f = y" without 
worrying about wh^tHiappens when we try to evaluate x.f when x is NIL. 

• The keyword error indicates that an error occurred because conditions were 
wrong for the procedure^* have been called. The calling procedure is respon- 
sible for handling the erro^\nd so we do not specify what action to take. 

Exercises • * 

Using Figure 2.2 as a model, illustrate ths operation of INSERTION-SORT on the 
array A = (31,41,59,26,41,58). ^U. 

2.1-2 \S>\ 

Rewrite the Insertion-Sort procedure to ssftjjito nonincreasing instead of non- 
decreasing order. O „ 

2.1-3 

Consider the searching problem : 

Input: A sequence of n numbers A = (a\, a 2 , ■ ■ ■ , a„) ar(3^ value v. 

Output: An index i such that v = A[i] or the special varffe NIL if v does not 
appear in A. 

Write pseudocode for linear search, which scans through the sequence, looking 
for v. Using a loop invariant, prove that your algorithm is correct. Make sure that 
your loop invariant fulfills the three necessary properties. 

2.1-4 

Consider the problem of adding two «-bit binary integers, stored in two n -element 
arrays A and B. The sum of the two integers should be stored in binary form in 
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an (n + l)-element array C. State the problem formally and write pseudocode for 
, adding the two integers. 
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Ana^W^v an algorithm has come to mean predicting the resources that the algo- 
rithm requires. Occasionally, resources such as memory, communication band- 
width, or somputer hardware are of primary concern, but most often it is compu- 
tational timeahat we want to measure. Generally, by analyzing several candidate 
algorithms for ^problem, we can identify a most efficient one. Such analysis may 
indicate more tlfsS^Mie viable candidate, but we can often discard several inferior 
algorithms in the p^oces^s. 

Before we can an^ze an algorithm, we must have a model of the implemen- 
tation technology fhat(Jve will use, including a model for the resources of that 
technology and their cost^>For most of this book, we shall assume a generic one- 
processor, random-access (Machine (RAM) model of computation as our imple- 
mentation technology and un^stand that our algorithms will be implemented as 
computer programs. In the RAJVl model, instructions are executed one after an- 
other, with no concurrent operatio^ 

Strictly speaking, we should precisely define the instructions of the RAM model 
and their costs. To do so, however, would be tedious and would yield little insight 
into algorithm design and analysis. Yerwejmust be careful not to abuse the RAM 
model. For example, what if a RAM has^arvinstruction that sorts? Then we could 
sort in just one instruction. Such a RAM wouhibe unrealistic, since real computers 
do not have such instructions. Our guide, trterepre, is how real computers are de- 
signed. The RAM model contains instructions c©m«ionly found in real computers: 
arithmetic (such as add, subtract, multiply, divide> remainder, floor, ceiling), data 
movement (load, store, copy), and control (conditional and unconditional branch, 
subroutine call and return). Each such instruction takeO" constant amount of time. 

The data types in the RAM model are integer and floaQs point (for storing real 
numbers). Although we typically do not concern ourselvtaOvith precision in this 
book, in some applications precision is crucial. We also assume a limit on the size 
of each word of data. For example, when working with inputs of size n, we typ- 
ically assume that integers are represented by c lg n bits for some constant c > 1 . 
We require c > 1 so that each word can hold the value of n, enabling us to index the 
individual input elements, and we restrict c to be a constant so that the word size 
does not grow arbitrarily. (If the word size could grow arbitrarily, we could store 
huge amounts of data in one word and operate on it all in constant time— clearly 
an unrealistic scenario.) 
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Real computers contain instructions not listed above, and such instructions rep- 
resent a gray area in the RAM model. For example, is exponentiation a constant- 
•^time instruction? In the general case, no; it takes several instructions to compute x y 
*tffjen x and y are real numbers. In restricted situations, however, exponentiation is 
a <rahstant-time operation. Many computers have a "shift left" instruction, which 
in corfftant time shifts the bits of an integer by k positions to the left. In most 
computers, shifting the bits of an integer by one position to the left is equivalent 
to mulupkeation by 2, so that shifting the bits by k positions to the left is equiv- 
alent to mmtiplication by 2 k . Therefore, such computers can compute 2 k in one 
constant-time instruction by shifting the integer 1 by k positions to the left, as long 
as k is no more than the number of bits in a computer word. We will endeavor to 
avoid such gray areas in the RAM model, but we will treat computation of 2 k as a 
constant-time operation when k is a small enough positive integer. 

In the RAM mod&l, we do not attempt to model the memory hierarchy that is 
common in contemporary .computers. That is, we do not model caches or virtual 
memory. Several computational models attempt to account for memory-hierarchy 
effects, which are sometimes significant in real programs on real machines. A 
handful of problems in this \$pbk examine memory-hierarchy effects, but for the 
most part, the analyses in this (5o)ok will not consider them. Models that include 
the memory hierarchy are quite ajbit more complex than the RAM model, and so 
they can be difficult to work witfiVMoreover, RAM-model analyses are usually 
excellent predictors of performance on^tual machines. 

Analyzing even a simple algorithm u^tlje RAM model can be a challenge. The 
mathematical tools required may include etjmbinatorics, probability theory, alge- 
braic dexterity, and the ability to identifying rfiiost significant terms in a formula. 
Because the behavior of an algorithm may bMhfferent for each possible input, we 
need a means for summarizing that behavior in siraole, easily understood formulas. 

Even though we typically select only one macfrinpmiodel to analyze a given al- 
gorithm, we still face many choices in deciding how to express our analysis. We 
would like a way that is simple to write and manipulate, shows the important char- 
acteristics of an algorithm's resource requirements, andWippresses tedious details. 



Analysis of insertion sort 



The time taken by the Insertion-Sort procedure depends on the input: sorting a 
thousand numbers takes longer than sorting three numbers. Moreover, Insertion- 
Sort can take different amounts of time to sort two input sequences of the same 
size depending on how nearly sorted they already are. In general, the time taken 
by an algorithm grows with the size of the input, so it is traditional to describe the 
running time of a program as a function of the size of its input. To do so, we need 
to define the terms "running time" and "size of input" more carefully. 
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The best notion for input size depends on the problem being studied. For many 
problems, such as sorting or computing discrete Fourier transforms, the most nat- 
^\ural measure is the number of items in the input— for example, the array size n 
•Svpv sorting. For many other problems, such as multiplying two integers, the best 
measure of input size is the total number of bits needed to represent the input in 
orqifrary binary notation. Sometimes, it is more appropriate to describe the size of 
the mmit with two numbers rather than one. For instance, if the input to an algo- 
rithm is«> graph, the input size can be described by the numbers of vertices and 
edges in^me.graph. We shall indicate which input size measure is being used with 
each problrauwe study. 

The runnm&time of an algorithm on a particular input is the number of primitive 
operations or '-steps" executed. It is convenient to define the notion of step so 
that it is as macwin&-independent as possible. For the moment, let us adopt the 
following view. A^consiant amount of time is required to execute each line of our 
pseudocode. One lin^may take a different amount of time than another line, but 
we shall assume that d^ch execution of the z'th line takes time c ( , where c, is a 
constant. This viewpoinC^ in keeping with the RAM model, and it also reflects 
how the pseudocode would^S implemented on most actual computers. 5 

In the following discussion(^ur expression for the running time of INSERTION- 
SORT will evolve from a mess^ formula that uses all the statement costs c, to a 
much simpler notation that is mwfe) concise and more easily manipulated. This 
simpler notation will also make it ea^y^b determine whether one algorithm is more 
efficient than another. r\ 

We start by presenting the Ins ERTKVNNS ORT procedure with the time "cost" 
of each statement and the number of timeSrsach statement is executed. For each 
j = 2,3, ... ,n, where n = A. length, wevle&X denote the number of times the 
while loop test in line 5 is executed for that v&™e of j . When a for or while loop 
exits in the usual way (i.e., due to the test in the-uw) header), the test is executed 
one time more than the loop body. We assume that comments are not executable 
statements, and so they take no time. • 

9jr 

5 There are some subtleties here. Computational steps that we specify djlinglish are often variants 
of a procedure that requires more than just a constant amount of time. For example, later in this 
book we might say "sort the points by x -coordinate," which, as we shall see, takes more than a 
constant amount of time. Also, note that a statement that calls a subroutine takes constant time, 
though the subroutine, once invoked, may take more. That is, we separate the process of calling the 
subroutine — passing parameters to it, etc. — from the process of executing the subroutine. 
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Insertion-Sort (A) 
1 for j = 2 to A. length 
\S*> key = A[j] 

// Insert ^4 [j] into the sorted 
(S) . sequence A[l ..j — 1]. 

4 v^=y-l 

5 ^fyile i > 0 and A[i] > key 

6 + 1] = 

7 v£>= »' - 1 

8 A[i+&=key 

The running tim^of the algorithm is the sum of running times for each state- 
ment executed; a statement that takes c, steps to execute and executes n times will 
contribute c,n to the total running time. 6 To compute T(n), the running time of 
Insertion-Sort on anjijput of n values, we sum the products of the cost and 
times columns, obtaining^ > 

/\ n n 

Tin) = c x n + c 2 (n - 1) * srfn - 1) + c 5 0 + c 6 J^^J ~ l "> 

j=2 j=2 

+ C7 T(tj-i) + c s $5n. 

9 

Even for inputs of a given size, an algorithm's running time may depend on 
which input of that size is given. For e v ram«le, in Insertion-Sort, the best 
case occurs if the array is already sorted. FoVe&ch j = 2, 3, . . . , n, we then find 
that A[i] < key in line 5 when i has its initmi^walue of j — 1. Thus tj = 1 for 
j = 2, 3, . . . ,n, and the best-case running time 

T(n) = c x n + c 2 (n - 1) + c 4 (n - 1) + c 5 (n - 1).+ c s (n - 1) 
= (ci + c 2 + c 4 + c 5 + c s )n - (c 2 + c 4 + c 5 Qk s ) . 

We can express this running time as an + b for constants^q^ad b that depend on 
the statement costs c, ; it is thus a linear function of n. < 

If the array is in reverse sorted order— that is, in decreasing order— the worst 
case results. We must compare each element A [j] with each element in the entire 
sorted subarray A[l . . j — 1], and so tj = j for j = 2,3, ... , n. Noting that 



6 This characteristic does not necessarily hold for a resource such as memory. A statement that 
references m words of memory and is executed n times does not necessarily reference mn distinct 
words of memory. 
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n(n + 1) 



vijhd 




«(n — 1) 
" 2 

(see AripVndix A for a review of how to solve these summations), we find that in 
the worst'qake, the running time of Insertion-Sort is 

T(n) = cifph c 2 (n - 1) + c A (n - 1) + c 5 ( — 1 ) 

^ V 2 J 

+ c 6 (<^) + c 7 (^)+c 8( n-l) 
- (c 2 + c 4 -Fc^- c 8 ) . 



We can express this worst-caieM^unning time as an 2 + bn + c for constants a, 
and c that again depend on the statement costs c, ; it is thus a quadratic function 

ofn. no 

Typically, as in insertion sort, th^funning time of an algorithm is fixed for a 
given input, although in later chapters @ shall see some interesting "randomized" 
algorithms whose behavior can vary evei^ar a fixed input. 

Worst-case and average-case analysis ><"^) 

In our analysis of insertion sort, we looked at botrKflJe best case, in which the input 
array was already sorted, and the worst case, in which the input array was reverse 
sorted. For the remainder of this book, though, w5 shall usually concentrate on 
finding only the worst-case running time, that is, the tengest running time for any 
input of size n. We give three reasons for this orientatiom-^> 

• The worst-case running time of an algorithm gives us an upper bound on the 
running time for any input. Knowing it provides a guarantee that the algorithm 
will never take any longer. We need not make some educated guess about the 
running time and hope that it never gets much worse. 

• For some algorithms, the worst case occurs fairly often. For example, in search- 
ing a database for a particular piece of information, the searching algorithm's 
worst case will often occur when the information is not present in the database. 
In some applications, searches for absent information may be frequent. 
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• The "average case" is often roughly as bad as the worst case. Suppose that we 
randomly choose n numbers and apply insertion sort. How long does it take to 
determine where in subarray A\V . . j — 1] to insert element A[j]l On average, 

vQhalf the elements in A [1 . . j — 1] are less than A[j], and half the elements are 
rgfteater. On average, therefore, we check half of the subarray A[l . . j — 1], and 
sg^% is about j/ 2. The resulting average-case running time turns out to be a 
qu^flratic function of the input size, just like the worst-case running time. 

In som^articular cases, we shall be interested in the average-case running time 
of an algoff^n^we shall see the technique of probabilistic analysis applied to 
various algorisms throughout this book. The scope of average-case analysis is 
limited, becaus\^}i may not be apparent what constitutes an "average" input for 
a particular probl^b-. Often, we shall assume that all inputs of a given size are 
equally likely. In pra^rke, this assumption may be violated, but we can sometimes 
use ^randomized algo^fim, which makes random choices, to allow a probabilistic 
analysis and yield an expected running time. We explore randomized algorithms 
more in Chapter 5 and in several other subsequent chapters. 

Order of growth 

We used some simplifying abstractions to ease our analysis of the INSERTION- 
SORT procedure. First, we ignore&-the\actual cost of each statement, using the 
constants c,- to represent these costs, ^nen, we observed that even these constants 
give us more detail than we really need: © expressed the worst-case running time 
as an 2 + bn + c for some constants a^^^and c that depend on the statement 
costs c/. We thus ignored not only the actual^atement costs, but also the abstract 
costs c, . 

We shall now make one more simplifying abs@ction: it is the rate of growth, 
or order of growth, of the running time that really ^fiferests us. We therefore con- 
sider only the leading term of a formula (e.g., an 2 ), since the lower-order terms are 
relatively insignificant for large values of n. We also ign^P| the leading term's con- 
stant coefficient, since constant factors are less significanttfaan the rate of growth 
in determining computational efficiency for large inputs. F^Wnsertion sort, when 
we ignore the lower-order terms and the leading term's constant coefficient, we are 
left with the factor of n 2 from the leading term. We write that insertion sort has a 
worst-case running time of &(n 2 ) (pronounced "theta of /^-squared"). We shall use 
©-notation informally in this chapter, and we will define it precisely in Chapter 3. 

We usually consider one algorithm to be more efficient than another if its worst- 
case running time has a lower order of growth. Due to constant factors and lower- 
order terms, an algorithm whose running time has a higher order of growth might 
take less time for small inputs than an algorithm whose running time has a lower 
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order of growth. But for large enough inputs, a 0(« 2 ) algorithm, for example, will 
% run more quickly in the worst case than a 0(m 3 ) algorithm. 

^ ■ 

\^xercises 

ExrJfi^the function « 3 /1000 — 100m 2 — lOOn + 3 in terms of ©-notation. 
2.2-2 0, 

Consider sprting n numbers stored in array A by first finding the smallest element 
of A and inging it with the element in ^4[1]. Then find the second smallest 
element of A?ap& exchange it with A [2]. Continue in this manner for the first n — 1 
elements of A. \j!$kte pseudocode for this algorithm, which is known as selection 
sort. What loop ir^riant does this algorithm maintain? Why does it need to run 
for only the first n — ^elements, rather than for all n elements? Give the best-case 
and worst-case running^fmes of selection sort in ©-notation. 

2.2-3 

Consider linear search again Csee Exercise 2.1-3). How many elements of the in- 
put sequence need to be checKeu on the average, assuming that the element being 
searched for is equally likely to* be>any element in the array? How about in the 
worst case? What are the average-'ca^e and worst-case running times of linear 
search in ©-notation? Justify your ai<swers. 

2.2-4 £y 

How can we modify almost any algorithm -^have a good best-case running time? 

CL 

2.3 Designing algorithms C 

We can choose from a wide range of algorithm desi|n\qchniques. For insertion 
sort, we used an incremental approach: having sorted the^ibarray A[\ . . j — 1], 
we inserted the single element A[j] into its proper plac^ yielding the sorted 
subarray A[l . . j]. 

In this section, we examine an alternative design approach, known as "divide- 
and-conquer," which we shall explore in more detail in Chapter 4. We'll use divide- 
and-conquer to design a sorting algorithm whose worst-case running time is much 
less than that of insertion sort. One advantage of divide-and-conquer algorithms is 
that their running times are often easily determined using techniques that we will 
see in Chapter 4. 
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2.3.1 The divide-and-conquer approach 

^Many useful algorithms are recursive in structure: to solve a given problem, they 
oafl themselves recursively one or more times to deal with closely related sub- 
problems. These algorithms typically follow a divide-and-conquer approach: they 
breathe problem into several subproblems that are similar to the original prob- 
lem bWsmailer in size, solve the subproblems recursively, and then combine these 
solutionMo create a solution to the original problem. 

The di^fr-and-conquer paradigm involves three steps at each level of the recur- 
sion: \y 

Divide the problem into a number of subproblems that are smaller instances of the 
same problent^^ 

Conquer the subprob^&ms by solving them recursively. If the subproblem sizes are 
small enough, howe^ytef, just solve the subproblems in a straightforward manner. 

Combine the solutions t<£*me subproblems into the solution for the original prob- 
lem. (> 

The merge sort algorithm closely follows the divide-and-conquer paradigm. In- 
tuitively, it operates as follows.^ 

Divide: Divide the n -element sequ^^e to be sorted into two subsequences of n/2 
elements each. 

Conquer: Sort the two subsequences recursively using merge sort. 
Combine: Merge the two sorted subsequeQes to produce the sorted answer. 

The recursion "bottoms out" when the sequencer© be sorted has length 1 , in which 
case there is no work to be done, since every s^q^ence of length 1 is already in 
sorted order. >\ 

The key operation of the merge sort algorithm is the merging of two sorted 
sequences in the "combine" step. We merge by cafiin& an auxiliary procedure 
Merger, p, q, r), where A is an array and p, q, and Kate indices into the array 
such that p < q < r. The procedure assumes that theWlaarrays A[p..q] and 
A[q + 1 . . r] are in sorted order. It merges them to form a tfjrfgle sorted subarray 
that replaces the current subarray A[p . . r\. 

Our Merge procedure takes time ®(«), where n = r — p + 1 is the total 
number of elements being merged, and it works as follows. Returning to our card- 
playing motif, suppose we have two piles of cards face up on a table. Each pile is 
sorted, with the smallest cards on top. We wish to merge the two piles into a single 
sorted output pile, which is to be face down on the table. Our basic step consists 
of choosing the smaller of the two cards on top of the face-up piles, removing it 
from its pile (which exposes a new top card), and placing this card face down onto 



2.3 Designing algorithms 



31 



the output pile. We repeat this step until one input pile is empty, at which time 
we just take the remaining input pile and place it face down onto the output pile. 
^\ Computationally, each basic step takes constant time, since we are comparing just 
/me two top cards. Since we perform at most n basic steps, merging takes 0(h) 

;prre following pseudocode implements the above idea, but with an additional 
twisT/that avoids having to check whether either pile is empty in each basic step. 
We pmc«>pn the bottom of each pile a sentinel card, which contains a special value 
that we\is».to simplify our code. Here, we use oo as the sentinel value, so that 
whenever Sxapd with oo is exposed, it cannot be the smaller card unless both piles 
have their sentjNel cards exposed. But once that happens, all the nonsentinel cards 
have already been placed onto the output pile. Since we know in advance that 
exactly r — p +vj oards will be placed onto the output pile, we can stop once we 
have performed that marry basic steps. 

Merge(A, p,q,r ) O 

1 n i = q - p + 1 

2 n 2 = r-q O 

3 let L[l . . «! + 1] and R$y. n 2 + 1] be new arrays 

4 for £ = 1 to n i • > 

5 L[£] = A[p + £ - 1] <5 v 

6 for j = 1 to n 2 sS 
1 R[j] = A[q + j] O 

8 L[nj + 1] = oo (\ 

9 R[n 2 + 1] = oo °\C\ 

10 £ = 1 ^ 

11 7 = 1 O 

12 for k = p tor 

13 if L[£] <R[j] 

14 A[k] = L[i] 

15 £ = £ + 1 

16 else A[k] = R[j] 
IV 7=7 + 1 



In detail, the Merge procedure works as follows. Line 1 computes the length «j 
of the subarray A[p..q], and line 2 computes the length n 2 of the subarray 
A\q + 1 . .r\. We create arrays L and R ("left" and "right"), of lengths n Y + 1 
and n 2 + 1, respectively, in line 3; the extra position in each array will hold the 
sentinel. The for loop of lines 4-5 copies the subarray A[p . . q] into L[l . . ri\], 
and the for loop of lines 6-7 copies the subarray A[q + 1 . . r] into R[l . . n 2 \. 
Lines 8-9 put the sentinels at the ends of the arrays L and R. Lines 10-17, illus- 
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Figure 2.3 The operation of fa 10-17 in the call MERGER, 9, 12, 16), when the subarray 
A[9 . . 16] contains the sequence (ZeK 5, 7, 1. 2, 3, 6). After copying and inserting sentinels, the 
array L contains (2, 4, 5, 7, oo), ana thaarray R contains (1, 2, 3, 6, oo). Lightly shaded positions 
in A contain their final values, and ligNjly shaded positions in L and R contain values that have yet 
to be copied back into A. Taken together, tha lightly shaded positions always comprise the values 
originally in A[9 . . 16], along with the two^iehtinels. Heavily shaded positions in A contain values 
that will be copied over, and heavily shaded""pog&ons in L and R contain values that have already 
been copied back into A. (a)-(h) The arrays A, and R, and their respective indices k, i, and j 
prior to each iteration of the loop of lines 12-17. \-s 

p + 1 basrc^teps by maintaining the following 

°* 

At the start of each iteration of the for loop ofTtnes 12-17, the subarray 
A[p . .k — 1] contains the k — p smallest elements of L[l . .n 1 + 1] and 
R[l ..n 2 + 1], in sorted order. Moreover, L[i] ancTT5[j] are the smallest 
elements of then arrays that have not been copied bacVnito A. 



trated in Figure 2.3, perform the r 
loop invariant: 



We must show that this loop invariant holds prior to the film iteration of the for 
loop of lines 12-17, that each iteration of the loop maintains the invariant, and 
that the invariant provides a useful property to show correctness when the loop 
terminates. 



Initialization: Prior to the first iteration of the loop, we have k = p, so that the 
subarray A[p . .k — 1] is empty. This empty subarray contains the k — p = 0 
smallest elements of L and R, and since i = 7 = 1, both L[i] and R [j] are the 
smallest elements of their arrays that have not been copied back into A. 
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Figure 2.3, continued (i) The arrays and indjb^at termination. At this point, the subarray in 
A[9 . . 16] is sorted, and the two sentinels in L and ^aVe the only two elements in these arrays that 
have not been copied into A. 

Maintenance: To see that each iteration maintams* the loop invariant, let us first 
suppose that L[i] < R[j]. Then L[i] is the snjallest element not yet copied 
back into A. Because A[p . .k — 1] contains the k^)p smallest elements, after 
line 14 copies L[i] into A[k], the subarray A[p . . kj^jl contain the k — p + 1 
smallest elements. Incrementing k (in the for loop update) and i (in line 15) 
reestablishes the loop invariant for the next iteration. Ifinstead L[i] > R[j], 
then lines 16-17 perform the appropriate action to maintain the loop invariant. 

Termination: At termination, k = r + 1. By the loop invariant, the subarray 
A[p . . k — 1], which is A[p . . r], contains the k — p = r — p + I smallest 
elements of L[l . .n l + 1] and R[l . ,n 2 + 1], in sorted order. The arrays L 
and R together contain n 1 +n 2 + 2 = r — p + 3 elements. All but the two 
largest have been copied back into A, and these two largest elements are the 
sentinels. 
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To see that the Merge procedure runs in 0(«) time, where n = r — p + 1, 
observe that each of lines 1-3 and 8-11 takes constant time, the for loops of 
•^bines 4-7 take + n 2 ) = &(n) time, 7 and there are n iterations of the for 

■ioop of lines 12-17, each of which takes constant time. 

Mfe can now use the Merge procedure as a subroutine in the merge sort al- 
gorithm The procedure Merge-Sort (^4, p, r) sorts the elements in the subar- 
ray A\p^\.r]. If p > r, the subarray has at most one element and is therefore 
already \arted. Otherwise, the divide step simply computes an index q that par- 



A[q + 1 . . r% containing [n/2\ elements. 8 



titions Aflj^r] into two subarrays: A[p..q], containing \n/2~] elements, and 
containin 

Merge-Sort $a.r) 

1 if p < r /\ 

2 q=V{p+>)m 



3 Merge-Sortv4*«,<7) 

4 Merge-Sort(A, o>+ l,r) 

5 Merge( A, p,q,ry^^ 

To sort the entire sequence A Q{A[l], A[2], . . . , A[n\), we make the initial call 
Merge-Sort(^, I, A. length), vjiera once again A. length = n. Figure 2.4 il- 
lustrates the operation of the procd^juj'e bottom-up when n is a power of 2. The 
algorithm consists of merging pairs of^item sequences to form sorted sequences 
of length 2, merging pairs of sequence^f length 2 to form sorted sequences of 
length 4, and so on, until two sequences of@ngth n / 2 are merged to form the final 
sorted sequence of length n. * C\ 

2.3.2 Analyzing divide-and-conquer algorith^ 



When an algorithm contains a recursive call to itself, we can often describe its 
running time by a recurrence equation or recurrence^ which describes the overall 
running time on a problem of size n in terms of the runnfflgtime on smaller inputs. 
We can then use mathematical tools to solve the recurrencs_and provide bounds on 
the performance of the algorithm. 



7 We shall see in Chapter 3 how to formally interpret equations containing ©-notation. 

8 The expression \x \ denotes the least integer greater than or equal to x, and |__v J denotes the greatest 
integer less than or equal to x. These notations are defined in Chapter 3. The easiest way to verify 
that setting q to \_(p + r)/2\ yields subarrays A[p . .q] and A[q + 1 . . r] of sizes \n/2] and \_n/2\, 
respectively, is to examine the four cases that arise depending on whether each of p and r is odd or 
even. 
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Figure 2.4 The operation of mergersort on the array A = (5, 2, 4, 7, 1, 3, 2, 6). The lengths of the 
sorted sequences being merged increase as the algorithm progresses from bottom to top. 
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A recurrence for the running time Of a divide-and-conquer algorithm falls out 
from the three steps of the basic paradigm. As before, we let T(n) be the running 
time on a problem of size n. If the problem size is small enough, say n < c 
for some constant c, the straightforwar<i>rS(Vlution takes constant time, which we 
write as 6(1). Suppose that our division^eidie problem yields a subproblems, 
each of which is 1 /b the size of the originatA(For merge sort, both a and b are 2, 
but we shall see many divide-and-conquer alglir^hms in which a ^ b.) It takes 
time T{n/b) to solve one subproblem of size n/<q, and so it takes time aT(n/b) 
to solve a of them. If we take D(n) time to divide 4he problem into subproblems 
and C(n) time to combine the solutions to the subprolj^ems into the solution to the 
original problem, we get the recurrence Q 

T( . (©(I) ifn<c, 
T (n) = < 

/ aT{n/b) + D(n) + C{n) otherwise . 



In Chapter 4, we shall see how to solve common recurrences of this form. 



Analysis of merge sort 

Although the pseudocode for Merge-Sort works correctly when the number of 
elements is not even, our recurrence-based analysis is simplified if we assume that 
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the original problem size is a power of 2. Each divide step then yields two subse- 
quences of size exactly n/2. In Chapter 4, we shall see that this assumption does 
•^hot affect the order of growth of the solution to the recurrence. 
v^Ve reason as follows to set up the recurrence for T(n), the worst-case running 
tinmfpf merge sort on n numbers. Merge sort on just one element takes constant 
timeVwhen we have n > 1 elements, we break down the running time as follows. 

Divide&he divide step just computes the middle of the subarray, which takes 
constat time. Thus, D(n) = 0(1). 

Conquer: recursively solve two subproblems, each of size n/2, which con- 
tributes 2T\nJ2) to the running time. 

Combine: We ham already noted that the Merge procedure on an n-element 
subarray takes nmfc(0(ft), and so C(n) = 0(«). 

When we add the factions D{n) and C(n) for the merge sort analysis, we are 
adding a function that is^(n) and a function that is 0(1). This sum is a linear 
function of n, that is, 0(/?<j^>Adding it to the 2T(n/2) term from the "conquer" 
step gives the recurrence for ^fS worst-case running time T(n) of merge sort: 



0(1) iM=l, .... 

Tin) = < • v (2.1) 

( 2T(n/2) + &(n) if n ^A. 

In Chapter 4, we shall see the "ma'sfer theorem," which we can use to show 
that T(n) is 0(« lgn), where lg« standQbr log 2 «. Because the logarithm func- 
tion grows more slowly than any linear f^jjjkion, for large enough inputs, merge 
sort, with its 0(«lg«) running time, outpet^rms insertion sort, whose running 
time is 0(« 2 ), in the worst case. 

We do not need the master theorem to intuitive^inderstand why the solution to 
the recurrence (2.1) is T(n) = 0(« lg«). Let us rewrite recurrence (2.1) as 



T{n) = \ C if " = 1 ' *0 (2-2) 

( 2T(n/2) + cn if n > 1 , 



where the constant c represents the time required to solve pljsblems of size 1 as 
well as the time per array element of the divide and combine steps. 9 



9 It is unlikely that the same constant exactly represents both the time to solve problems of size 1 
and the time per array element of the divide and combine steps. We can get around this problem by 
letting c be the larger of these times and understanding that our recurrence gives an upper bound on 
the running time, or by letting c be the lesser of these times and understanding that our recurrence 
gives a lower bound on the running time. Both bounds are on the order of n lg n and, taken together, 
give a ®(n \gn) running time. 
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Figure 2.5 shows how we can solve recurrence (2.2). For convenience, we as- 
sume that n is an exact power of 2. Pail (a) of the figure shows T(n), which we 
^\ expand in part (b) into an equivalent tree representing the recurrence. The cn term 
V'fj the root (the cost incurred at the top level of recursion), and the two subtrees of 
th£)root are the two smaller recurrences T(n/2). Part (c) shows this process carried 
onV^ep further by expanding T(n/2). The cost incurred at each of the two sub- 
nod<£s<ai the second level of recursion is cn / 2. We continue expanding each node 
in the traraby breaking it into its constituent parts as determined by the recurrence, 
until thenioblem sizes get down to 1, each with a cost of c. Part (d) shows the 
resulting recursion tree. 

Next, wexidd the costs across each level of the tree. The top level has total 
cost cn, the nem level down has total cost c(n/2) + c(n/2) = cn, the level after 
that has total cosi-c (& /4) + c (n/4) + c (n /4) + c (n/4) = cn, and so on. In general, 
the level i below the top has 2' nodes, each contributing a cost of c(n/2'), so that 
the ith level below thp tap has total cost 2 l c(n/2 l ) = cn. The bottom level has n 
nodes, each contributing a cost of c, for a total cost of cn. 

The total number of le^ts of the recursion tree in Figure 2.5 is lg« + 1, where 
n is the number of leaves, Corresponding to the input size. An informal inductive 
argument justifies this claim, (^e base case occurs when n = 1, in which case the 
tree has only one level. Since lg 1 = 0, we have that lg n + 1 gives the correct 
number of levels. Now assume as*dminductive hypothesis that the number of levels 
of a recursion tree with 2 l leaves is^g*2 ! + 1 = /' + 1 (since for any value of i , 
we have that lg2' = i). Because we^re assuming that the input size is a power 
of 2, the next input size to consider is^V 4 . A tree with n = 2 ,+1 leaves has 
one more level than a tree with 2' leave^,rand so the total number of levels is 
(/ + 1) + 1 =lg2' +1 + l. 

To compute the total cost represented by ThVpcurrence (2.2), we simply add up 
the costs of all the levels. The recursion tree has4g'« + 1 levels, each costing cn, 
for a total cost of cn(lg n + 1) = cn lg n + cn. ignoring the low-order term and 
the constant c gives the desired result of &(n Ign). • 

Exercises 
2.3-1 

Using Figure 2.4 as a model, illustrate the operation of merge sort on the array 
A = (3,41,52,26,38,57,9,49). 

2.3-2 

Rewrite the Merge procedure so that it does not use sentinels, instead stopping 
once either array L or R has had all its elements copied back to A and then copying 
the remainder of the other array back into A. 
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Figure 2.5 How to construct a recursion tree for the recurrence T(n) = 2T(n/2) + cn. 
Part (a) shows T(n), which progressively expands in (b)-(d) to form the recursion tree. The fully 
expanded tree in part (d) has lgn + 1 levels (i.e., it has height lgn, as indicated), and each level 
contributes a total cost of cn. The total cost, therefore, is cn lgn + cn, which is @(n lgn). 
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^ 2.3-3 

, Use mathematical induction to show that when n is an exact power of 2, the solu- 
tion of the recurrence 

V^, i 2 if/J = 2, 

2T(n/2) +n if n = 2 k , for k > 1 



is r((^)= wlgn. 

*« <S 

We can express insertion sort as a recursive procedure as follows. In order to sort 
A[\ . . n], we^regursively sort A[l . . n — 1] and then insert A[n] into the sorted array 
A[l . .n — 1]. Write a recurrence for the running time of this recursive version of 
insertion sort, vj 

2.3-5 y>' 

Referring back to the parching problem (see Exercise 2.1-3), observe that if the 
sequence A is sorted, w^^n check the midpoint of the sequence against v and 
eliminate half of the seque^e from further consideration. The binary search al- 
gorithm repeats this procedures halving the size of the remaining portion of the 
sequence each time. Write pseudocode, either iterative or recursive, for binary 
search. Argue that the worst-case^a^rning time of binary search is 0(lgn). 

2.3-6 

Observe that the while loop of lines ©7 of the Insertion-Sort procedure in 
Section 2.1 uses a linear search to scan^&ackward) through the sorted subarray 
A[\ . . j — 1]. Can we use a binary search ^^e Exercise 2.3-5) instead to improve 
the overall worst-case running time of inser^n)sort to ®(n lg n)l 

2.3-7 * ^\ 

Describe a &(n lg«)-time algorithm that, given a set S of n integers and another 
integer x, determines whether or not there exist two pl&rnents in S whose sum is 
exactly x. 



Problems 



2-1 Insertion sort on small arrays in merge sort 

Although merge sort runs in 0(nlg«) worst-case time and insertion sort runs 
in @(n 2 ) worst-case time, the constant factors in insertion sort can make it faster 
in practice for small problem sizes on many machines. Thus, it makes sense to 
coarsen the leaves of the recursion by using insertion sort within merge sort when 
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subproblems become sufficiently small. Consider a modification to merge sort in 
which n/k sublists of length k are sorted using insertion sort and then merged 
•^hsirig the standard merging mechanism, where k is a value to be determined. 

as^Show that insertion sort can sort the n/k sublists, each of length k, in &(nk) 
Nvpi^t-case time. 

b. Shd^how to merge the sublists in &(n lg(n/k)) worst-case time. 

c. Given tk^)the modified algorithm runs in ®(n k + n lg(n / k)) worst-case time, 
what is the^tfgest value of k as a function of n for which the modified algorithm 
has the same^nning time as standard merge sort, in terms of 0-notation? 

d. How should w^-c\j^ose k in practice? 
2-2 Correctness of b^ibptqsort 

Bubblesort is a popular, Dupinefficient, sorting algorithm. It works by repeatedly 
swapping adjacent elementVujat are out of order. 

Bubblesort(^) 

1 for i = 1 to A. length — 1 * ^/Z. 

2 for j = A . length down to S-f k 

3 HA\J]<AU-1] X 

4 exchange A[j] with Afaj- 1] 

a. Let A' denote the output of BuBBLESORqJM). To prove that Bubblesort is 
correct, we need to prove that it terminates^trtjl that 

A'[l]<A'[2]<...<A'[n], 0 ^ (2.3) 

where n = A. length. In order to show that Bubblesort actually sorts, what 
else do we need to prove? V. * 

a 

The next two parts will prove inequality (2.3). V) 

b. State precisely a loop invariant for the for loop in lines 2^1, and prove that this 
loop invariant holds. Your proof should use the structure of the loop invariant 
proof presented in this chapter. 

c. Using the termination condition of the loop invariant proved in part (b), state 
a loop invariant for the for loop in lines 1^1 that will allow you to prove in- 
equality (2.3). Your proof should use the structure of the loop invariant proof 
presented in this chapter. 
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d. What is the worst-case running time of bubblesort? How does it compare to the 
running time of insertion sort? 

\J-3 Correctness of Horner's rule 

T^k following code fragment implements Horner's rule for evaluating a polynomial 

=50*0 + x(ai + x(a 2 H h x(a„-i + xa„) ■■■))- 

given the coef^tepnts a 0 , a\, . . . , a„ and a value for x: 



n doWnto 



1 y = 0 

2 for i = n doWnto.0 

3 y = a.i + xS ^y^ 

a. In terms of 0-notati^^ what is the running time of this code fragment for 
Horner's rule? 

b. Write pseudocode to implement the naive polynomial-evaluation algorithm that 
computes each term of the pol^jmial from scratch. What is the running time 
of this algorithm? How does it compare to Horner's rule? 

c. Consider the following loop invari£L. 

At the start of each iteration of the fd©foop of lines 2-3, 
n-O+i) 

y = a k+i+i xk ■ &x 

k=a C 

Interpret a summation with no terms as equaling (^-Following the structure of 
the loop invariant proof presented in this chapter, use this loop invariant to show 
that, at termination, y = YH=o a k xk - 

d. Conclude by arguing that the given code fragment correctly evaluates a poly- 
nomial characterized by the coefficients a 0 , a.\, . . . , a„. 



2-4 Inversions 

Let A[l . . n] be an array of n distinct numbers. If i < j and A[i] > A[j], then the 
pair (i, j) is called an inversion of A. 

a. List the five inversions of the array (2, 3, 8, 6, 1). 
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b. What array with elements from the set {1,2, ... ,n} has the most inversions? 
% How many does it have? 

ffSWhat is the relationship between the running time of insertion sort and the 
^Cmimber of inversions in the input array? Justify your answer. 

d. Gi#£_an algorithm that determines the number of inversions in any permutation 
jments in 0(« lg n) worst-case time. {Hint: Modify merge sort.) 

2 



Chapter notes 



In 1968, Knuth published the first of three volumes with the general title The Art of 
Computer ProgrammingA209 , 210, 211]. The first volume ushered in the modern 
study of computer algomhms with a focus on the analysis of running time, and the 
full series remains an engaging and worthwhile reference for many of the topics 
presented here. AccordingYtb^Knufh, the word "algorithm" is derived from the 
name "al-Khowarizmi," a nin^h-century Persian mathematician. 

Aho, Hopcroft, and Ullmai^] advocated the asymptotic analysis of algo- 
rithms—using notations that Chapter 3 introduces, including 0-notation— as a 
means of comparing relative perfcrttm^nce. They also popularized the use of re- 
currence relations to describe the runnjHg* times of recursive algorithms. 

Knuth [211] provides an encyclopedic(fr^atment of many sorting algorithms. His 
comparison of sorting algorithms (page 38nincludes exact step-counting analyses, 
like the one we performed here for insertidn^tjrt. Knuth's discussion of insertion 
sort encompasses several variations of the algpffthm. The most important of these 
is Shell's sort, introduced by D. L. Shell, wnicp-uses insertion sort on periodic 
subsequences of the input to produce a faster sortms^lgorithm. 

Merge sort is also described by Knuth. He mentions that a mechanical colla- 
tor capable of merging two decks of punched cards in a-single pass was invented 
in 1938. J. von Neumann, one of the pioneers of computer science, apparently 
wrote a program for merge sort on the ED VAC computer rnA045. 

The early history of proving programs correct is described^Sy Gries [153], who 
credits P. Naur with the first article in this field. Gries attributes loop invariants to 
R. W. Floyd. The textbook by Mitchell [256] describes more recent progress in 
proving programs correct. 



3 • ~ Growth of Functions 

% 

The order of growth of the running time of an algorithm, defined in Chapter 2, 
gives a simple cnap&Qterization of the algorithm's efficiency and also allows us to 
compare the relative performance of alternative algorithms. Once the input size n 
becomes large enougru^merge sort, with its 0(«lg«) worst-case running time, 
beats insertion sort, whosg worst-case running time is &(n 2 ). Although we can 
sometimes determine the Wa# running time of an algorithm, as we did for insertion 
sort in Chapter 2, the extra^precision is not usually worth the effort of computing 
it. For large enough inputs, tke'multiplicative constants and lower-order terms of 
an exact running time are dominated by the effects of the input size itself. 

When we look at input sizes la@ enough to make only the order of growth of 
the running time relevant, we are studying the asymptotic efficiency of algorithms. 
That is, we are concerned with how the@nning time of an algorithm increases with 
the size of the input in the limit, as the^^pfe of the input increases without bound. 
Usually, an algorithm that is asymptoticall^more efficient will be the best choice 
for all but very small inputs. 

This chapter gives several standard methods ft5T\simplifying the asymptotic anal- 
ysis of algorithms. The next section begins by a^rfhing several types of "asymp- 
totic notation," of which we have already seen an example in ©-notation. We then 
present several notational conventions used throughoirt\this book, and finally we 
review the behavior of functions that commonly arise lit ^he analysis of algorithms. 

£ 

3.1 Asymptotic notation 



The notations we use to describe the asymptotic running time of an algorithm 
are defined in terms of functions whose domains are the set of natural numbers 
N = {0, 1,2, . . .}. Such notations are convenient for describing the worst-case 
running-time function T(n), which usually is defined only on integer input sizes. 
We sometimes find it convenient, however, to abuse asymptotic notation in a va- 
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riety of ways. For example, we might extend the notation to the domain of real 
numbers or, alternatively, restrict it to a subset of the natural numbers. We should 
•^make sure, however, to understand the precise meaning of the notation so that when 
«ra abuse, we do not misuse it. This section defines the basic asymptotic notations 
and^lso introduces some common abuses. 

Asymptote notation, functions, and running times 

We will isymptotic notation primarily to describe the running times of algo- 
rithms, as wfren^we wrote that insertion sort's worst-case running time is &(n 2 ). 
Asymptotic n&tatkm actually applies to functions, however. Recall that we charac- 
terized insertion port's worst-case running time as an 2 + bn + c, for some constants 
a, b, and c. By wtSWg that insertion sort's running time is 0(n 2 ), we abstracted 
away some details o^this^ function. Because asymptotic notation applies to func- 
tions, what we were wetting as &(n 2 ) was the function an 2 + bn + c, which in 
that case happened to chjjracterize the worst-case running time of insertion sort. 

In this book, the functioi(fs>>to which we apply asymptotic notation will usually 
characterize the running time^f algorithms. But asymptotic notation can apply to 
functions that characterize som€^pther aspect of algorithms (the amount of space 
they use, for example), or even to functions that have nothing whatsoever to do 
with algorithms. •s^. 

Even when we use asymptotic notation to apply to the running time of an al- 
gorithm, we need to understand w/izc/rnmning time we mean. Sometimes we are 
interested in the worst-case running timeVOften, however, we wish to characterize 
the running time no matter what the inpub!->fn\other words, we often wish to make 
a blanket statement that covers all inputs, nrniust the worst case. We shall see 
asymptotic notations that are well suited to characterizing running times no matter 
what the input. 

0 -notation • 

In Chapter 2, we found that the worst-case running ti(m)e of insertion sort is 
T(n) = 0(« 2 ). Let us define what this notation means. For<|£kiven function g(n), 
we denote by &(g(n)) the set of Junctions 

®(g( n )) = {/ ( n ) '■ there exist positive constants Cy, c 2 , and n 0 such that 
0 < C\g{n) </(«)< c 2 g{n) for all n > n 0 } 



Within set notation, a colon means "such that." 
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0(g{n)) 



/(«) 
(c) 



Figure 3.1 Graphic ^ahrples of the 0, 0, and Q notations. In each part, the value of no shown 
is the minimum possibleo^Sue; any greater value would also work, (a) ©-notation bounds a func- 
tion to within constant facto*^ We write f(n) = &(g(n)) if there exist positive constants no, c\, 
and C2 such that at and to the- right of no, the value of f(n) always lies between c\g{n) and C2g(n) 
inclusive, (b) O-notation givesytfi .upper bound for a function to within a constant factor. We write 
f(n) = 0(g{n)) if there are posifrve constants ;?o an d c such that at and to the right of no, the value 
of /(«) always lies on or below eg (R\ (c) Q -notation gives a lower bound for a function to within 
a constant factor. We write f(n) = \l(g(n)) if there are positive constants no and c such that at and 
to the right of no, the value of f(n) alwayg^es on or above cg(n). 

V 

A function f{n) belongs to the set N 0kr(«)) if there exist positive constants C\ 
and Ci such that it can be "sandwicherC^between C\g{n) and C2g(n), for suffi- 
ciently large n. Because &(g(n)) is a^SeLwe could write "/(«) € 0(g(«))" 
to indicate that f(n) is a member of ©QgK^). Instead, we will usually write 
"/(«) = 0(g(n))" to express the same nOTSH. You might be confused because 
we abuse equality in this way, but we shall seeJater in this section that doing so 
has its advantages. C 

Figure 3.1(a) gives an intuitive picture of funations f(n) and g(n), where 
f(n) = ®(g(n)). For all values of « at and to the rigTi^ of n 0 , the value of /(«) 
lies at or above Cig(n) and at or below c 2 g(n). In other@brds, for all n > n 0 , the 
function f(n) is equal to g(n) to within a constant factoff^fe say that g(n) is an 
asymptotically tight bound for / («). 

The definition of 0(g(«)) requires that every member f(n) € 0(g(«)) be 
asymptotically nonnegative , that is, that f{n) be nonnegative whenever n is suf- 
ficiently large. (An asymptotically positive function is one that is positive for all 
sufficiently large n.) Consequently, the function gin) itself must be asymptotically 
nonnegative, or else the set 0(g(«)) is empty. We shall therefore assume that every 
function used within 0-notation is asymptotically nonnegative. This assumption 
holds for the other asymptotic notations defined in this chapter as well. 
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In Chapter 2, we introduced an informal notion of ©-notation that amounted 
to throwing away lower-order terms and ignoring the leading coefficient of the 
hest-order term. Let us briefly justify this intuition by using the formal defi- 
jon to show that ^n 2 — 3n = &(n 2 ). To do so, we must determine positive 
cb(Hjtjants C\,c%, and n 0 such that 

C\n 2 ^^p 1 ~ 3/i < c 2 n 2 

for all it ^t&r Dividing by n 2 yields 
1 3V' 

Ci < Cy.. 

We can make the rtgntjiand inequality hold for any value of n > 1 by choosing any 
constant c 2 > 1/2. (pkewise, we can make the left-hand inequality hold for any 
value of n > 7 by choo^ine any constant Cx < 1/14. Thus, by choosing C\ = 1/14, 
c 2 = 1/2, and n 0 = 7, (we can verify that — 3n = 0(« 2 ). Certainly, other 
choices for the constants e^t, but the important thing is that some choice exists. 
Note that these constants de^nd on the function \n 2 — 3n; a different function 
belonging to 0(n 2 ) would usuafijj require different constants. 

We can also use the formal definition to verify that 6n 3 ^ @(n 2 ). Suppose 
for the purpose of contradiction th^c 2 and n 0 exist such that 6« 3 < c 2 n 2 for 
all n > n 0 . But then dividing by n 2 yields n < c 2 /6, which cannot possibly hold 
for arbitrarily large n, since c 2 is constant^ 

Intuitively, the lower-order terms of arr^symptotically positive function can be 
ignored in determining asymptotically tigoTbaunds because they are insignificant 
for large n. When n is large, even a tiny fraction of the highest-order term suf- 
fices to dominate the lower-order terms. ThusvsCTjng C\ to a value that is slightly 
smaller than the coefficient of the highest-order tstm^and setting c 2 to a value that 
is slightly larger permits the inequalities in the defloition of ©-notation to be sat- 
isfied. The coefficient of the highest-order term can likewise be ignored, since it 
only changes C\ and c 2 by a constant factor equal to fhe@efficient. 

As an example, consider any quadratic function f(n) ^Qm 2 + bn + c, where 
a, b, and c are constants and a > 0. Throwing away the l^yer-order terms and 
ignoring the constant yields f(n) = &(n 2 ). Formally, to show the same thing, we 
take the constants C\ = a/A, c 2 = la/A, and n 0 = 2 ■ max(\b\ /a, \f\c\ /a). You 
may verify that 0 < c x n 2 < an 2 + bn + c < c 2 n 2 for all n > n 0 . In general, 
for any polynomial p(n) = Y^=o a > n ' > where the a t are constants and <3j > 0, we 
have p(n) = @(n d ) (see Problem 3-1). 

Since any constant is a degree-0 polynomial, we can express any constant func- 
tion as 0(«°), or 0(1). This latter notation is a minor abuse, however, because the 
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expression does not indicate what variable is tending to infinity. 2 We shall often 
use the notation 0(1) to mean either a constant or a constant function with respect 
\§\ to some variable. 

(Ahatation 

The^fc^notation asymptotically bounds a function from above and below. When 
we have-only an asymptotic upper bound, we use O -notation. For a given func- 
tion g(«-)^we denote by 0(g(n)) (pronounced "big-oh of g of n" or sometimes 
just "oh offg of. «") the set of functions 

0(g(n)) — \£4n) '■ there exist positive constants c and n 0 such that 
\^ 0 < f(n) < cg(n) for all n > n 0 } . 

We use 0-notatio(f^o give an upper bound on a function, to within a constant 
factor. Figure 3.1(b)«^dws the intuition behind O -notation. For all values n at and 
to the right of n 0 , the vafiie of the function / («) is on or below cg(n). 

We write / («) = 0(#fa)) to indicate that a function / (n) is a member of the 
set 0{g(n)). Note that JpX) = Q(g(n)) implies f(n) = 0(g(n)), since 9- 
notation is a stronger notion than O -notation. Written set-theoretically, we have 
®(g(n)) C 0(g(n)). Thus, otir proof that any quadratic function an 2 + bn + c, 
where a > 0, is in 0(« 2 ) also sfiow^ that any such quadratic function is in 0(n 2 ). 
What may be more surprising is thai when a > 0, any linear function an + b is 
in 0(n 2 ), which is easily verified by^ajdng c = a + \b\ and n 0 = max(l, — b/a). 

If you have seen O -notation before^-yqu might find it strange that we should 
write, for example, n = 0(n 2 ). In the^tferature, we sometimes find O -notation 
informally describing asymptotically tig inds, that is, what we have defined 
using ©-notation. In this book, however, 'w^gh we write f(n) = 0(g(n)), we 
are merely claiming that some constant multirxJg)of g(n) is an asymptotic upper 
bound on f(n), with no claim about how tight axfjSpper bound it is. Distinguish- 
ing asymptotic upper bounds from asymptotically light bounds is standard in the 
algorithms literature. (^i. 

Using O -notation, we can often describe the runnjST|j time of an algorithm 
merely by inspecting the algorithm's overall structure. S^example, the doubly 
nested loop structure of the insertion sort algorithm from Chapter 2 immediately 
yields an 0(n 2 ) upper bound on the worst-case running time: the cost of each it- 
eration of the inner loop is bounded from above by 0(1) (constant), the indices i 



2 The real problem is that our ordinary notation for functions does not distinguish functions from 
values. In A-calculus, the parameters to a function are clearly specified: the function n 2 could be 
written as Xn.n 2 , or even Xr.r 2 . Adopting a more rigorous notation, however, would complicate 
algebraic manipulations, and so we choose to tolerate the abuse. 
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and j are both at most n, and the inner loop is executed at most once for each of 
the n 2 pairs of values for i and j . 

Since O-notation describes an upper bound, when we use it to bound the worst- 
ed running time of an algorithm, we have a bound on the running time of the algo- 
nthTf) on every input— the blanket statement we discussed earlier. Thus, the 0(n 2 ) 
bound^in worst-case running time of insertion sort also applies to its running time 
on evelgrinput. The 0(« 2 ) bound on the worst-case running time of insertion sort, 
however; /does not imply a &(n 2 ) bound on the running time of insertion sort on 
every inpuLAFor example, we saw in Chapter 2 that when the input is already 
sorted, insertion .sort runs in ©(«) time. 

Technically>jtis an abuse to say that the running time of insertion sort is 0(n 2 ), 
since for a giveir?!. the actual running time varies, depending on the particular 
input of size n. Wsenove say "the running time is 0(n 2 )" we mean that there is a 
function / (n) that \$JJ(n 2 ) such that for any value of n, no matter what particular 
input of size n is chose<£ the running time on that input is bounded from above by 
the value / (n). EquivaleCjtlV we mean that the worst-case running time is 0(n 2 ). 

SI -notation v 

Just as O -notation provides an asymptotic upper bound on a function, Q -notation 
provides an asymptotic lower bou^j. For a given function g(n), we denote 
by Q(g(n)) (pronounced "big-omegao£ g of n" or sometimes just "omega of g 
of «") the set of functions ^ q 

Q(g(n)) = {/(«) : there exist positive co^ifcants c and n 0 such that 
0 < cg(n) < f(n) for a^e > n 0 } . 

Figure 3.1(c) shows the intuition behind ^-noratjan. For all values n at or to the 
right of n 0 , the value of f(n) is on or above cg{ri)i'x 

From the definitions of the asymptotic notations we have seen thus far, it is easy 
to prove the following important theorem (see Exercise 3^1 -5). 

Theorem 3.1 O > 

For any two functions f(n) and g{n), we have f(n) = if and only if 

f(n) = 0(g(n)) and /(«) = Q(g(n)). u 



As an example of the application of this theorem, our proof that an 2 + bn + c = 
0(« 2 ) for any constants a, b, and c, where a > 0, immediately implies that 
an 2 + bn + c = Q(n 2 ) and an 2 + bn + c = 0(n 2 ). In practice, rather than using 
Theorem 3.1 to obtain asymptotic upper and lower bounds from asymptotically 
tight bounds, as we did for this example, we usually use it to prove asymptotically 
tight bounds from asymptotic upper and lower bounds. 
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When we say that the running time (no modifier) of an algorithm is Q(g(n)), 
we mean that no matter what particular input of size n is chosen for each value 
\Q ofn, the running time on that input is at least a constant times g(n), for sufficiently 
V'fjirge n. Equivalently, we are giving a lower bound on the best-case running time 
qj%n algorithm. For example, the best-case running time of insertion sort is £2(n), 
wnicw implies that the running time of insertion sort is Q,(n). 

ThflTKunning time of insertion sort therefore belongs to both Q.(n) and 0{n 2 ), 
since it Jails anywhere between a linear function of n and a quadratic function of n. 
Moreoveothese bounds are asymptotically as tight as possible: for instance, the 
running timeof insertion sort is not £2(n 2 ), since there exists an input for which 
insertion sonrans in &(n) time (e.g., when the input is already sorted). It is not 
contradictory, however, to say that the worst-case running time of insertion sort 
is Q,(n 2 ), since then^exists an input that causes the algorithm to take Q(n 2 ) time. 

Asymptotic notation^ip^quations and inequalities 

We have already seen ho^asymptotic notation can be used within mathematical 
formulas. For example, introducing O-notation, we wrote "n = 0(n 2 )." We 
might also write 2n 2 + 3n + 1(^ 2n 2 + &(n). How do we interpret such formulas? 

When the asymptotic notation stands alone (that is, not within a larger formula) 
on the right-hand side of an equa^^i (or inequality), as in n = 0(n 2 ), we have 
already defined the equal sign to meari set membership: n e 0{n 2 ). In general, 
however, when asymptotic notation appears in a formula, we interpret it as stand- 
ing for some anonymous function tharw©\do not care to name. For example, the 
formula In 2 + 3n + 1 = In 2 + ®(n)^5aas that In 2 + 3n + 1 = In 2 + /(«), 
where / (n) is some function in the set ®(hj^n this case, we let / (n) — 3n + 1, 
which indeed is in 0(«). 

Using asymptotic notation in this manner cWhelp eliminate inessential detail 
and clutter in an equation. For example, in Chapt&r 2 we expressed the worst-case 
running time of merge sort as the recurrence • 

T(n) = 2T(n/2) + &(n). V Q 

If we are interested only in the asymptotic behavior of 7*^, there is no point in 
specifying all the lower-order terms exactly; they are all understood to be included 
in the anonymous function denoted by the term 0(n). 

The number of anonymous functions in an expression is understood to be equal 
to the number of times the asymptotic notation appears. For example, in the ex- 
pression 

n 

£ o(f) , 
i=i 
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there is only a single anonymous function (a function of i). This expression is thus 
not the same as 0(1) + 0(2) + ■■■ + 0(n), which doesn't really have a clean 
•^friterpretation. 

/in some cases, asymptotic notation appeal's on the left-hand side of an equation, 



= &(n 2 ) . 

We interpret such equations using the following rule: No matter how the anony- 
mous functus are chosen on the left of the equal sign, there is a way to choose 
the anonymous Junctions on the right of the equal sign to make the equation valid. 
Thus, our example means that for any function f(n) e ©(«), there is some func- 
tion g(n) € ©(/t^j-such that 2n 2 + f(n) = g(n) for all n. In other words, the 
right-hand side orsh equation provides a coarser level of detail than the left-hand 
side. C 

We can chain together ajiumber of such relationships, as in 

2n 2 + 3n + 1 = 2n 2 \- ( B(n) 
= &(n 2 y^ 

We can interpret each equatio^eparately by the rules above. The first equa- 
tion says that there is some function^/ («) € &(n) such that 2n 2 + In + 1 = 
2n 2 + f («) for all n. The second equation says that for any function g(n) e 0(«) 
(such as the fin) just mentioned), fi^ere is some function h(n) € 0(« 2 ) such 
that 2n 2 + g(n) = h(n) for all n. @te that this interpretation implies that 
2n 2 + 3/i + 1 = S(n 2 ), which is what th^haining of equations intuitively gives 
us. ^ 

o -notation O 

The asymptotic upper bound provided by O -notation may or may not be asymp- 
totically tight. The bound 2n 2 = 0(n 2 ) is asymptotically tight, but the bound 
2n = 0(n 2 ) is not. We use o-notation to denote an uppeV pound that is not asymp- 
totically tight. We formally define o(g(n)) ("little-oh of gW^2") as the set 

°(s( n )) = {/ ( n ) '■ f° r an Y positive constant c > 0, there exists a constant 
n 0 > 0 such that 0 < / (n) < cg(n) for all n > n 0 } . 

For example, 2n = o(n 2 ), but 2n 2 ^ o{n 2 ). 

The definitions of O-notation and o-notation are similar. The main difference 
is that in f(n) = 0(g(n)), the bound 0 < f(n) < cg(n) holds for some con- 
stant c > 0, but in f(n) = o(g(n)), the bound 0 < f(n) < cg(n) holds for all 
constants c > 0. Intuitively, in o-notation, the function / (n) becomes insignificant 
relative to g(n) as n approaches infinity; that is, 
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fin) 

lira ^ = 0 . (3.1) 

►ome authors use this limit as a definition of the o-notation; the definition in this 
'^pook also restricts the anonymous functions to be asymptotically nonnegative. 

%i ■ 

co -notation 

By anatogy, w-notation is to ^-notation as o-notation is to 0-notation. We use 
co-notatib^to denote a lower bound that is not asymptotically tight. One way to 
define it is^by^' 

f(n) e a)(g(#fj)if and only if g{n) e o(f(n)) . 

Formally, however) we define a>(g(n)) ("little-omega of g of «") as the set 

^isin)) = {/ i n ) ■ f<X-any positive constant c > 0, there exists a constant 
n 0 ^0 such that 0 < eg in) < f (n) for all n > n 0 } . 

For example, n 2 /2 = but n 2 /2 ^ co(n 2 ). The relation /(«) = co(g(n)) 

implies that ^\ 

fin) .. 



lim 

n^oo g(n) 



oo 



if the limit exists. That is, /(n)^bicomes arbitrarily large relative to g(n) as n 
approaches infinity. \^ 

Comparing functions 

Many of the relational properties of real numfeeTjs apply to asymptotic comparisons 
as well. For the following, assume that / (n) a.v^y(n) are asymptotically positive. 



Transitivity: 

fin) = &(g(n)) and g(n) 

f(n) = 0(g(n)) and g(n) 

fin) = n(g(n)) and g(n) 

f(n) = o(g(n)) and g(n) 

fin) = coigin)) and g(n) 

Reflexivity: 

f(n) = ©if in)), 
fin) = 0(f(n)), 
fin) = S2(f(n)). 



&(h(n)) imp'hQ/(«) = ®(h(n)), 

0(h(n)) imply Qjn) = 0(h(n)) , 

Qihin)) imply yfy) = £2(/z(n)) , 

o(h(n)) imply /(«) = o(h(n)) , 

&>(/;(«)) imply f(n) = a>(hin)) . 
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Symmetry: 



1$ f(n) = ®(g(n)) if and only if g(n) = ®(f(n)) . 
Tf^spose symmetry: 

fW = 0(g(n)) if and only if g(n) = &(f(n)), 



/W^ o(g(n)) if and only if g(n) = &>(/(«)) . 

Because'ff^se properties hold for asymptotic notations, we can draw an analogy 
between the a^mptotic comparison of two functions / and g and the comparison 
of two real numtf|rs a and b: 

f(n) = 0(g(n)) ^Vlike a < b , 
f(n) = Q(g(n)) We a>b, 
f(n) = @(g(n)) isYuaK a = b , 
f(n) = o(g(n)) is like(^>a < b , 
f(n) — eo(g(n)) is like (tf> b . 

We say that / \n) is asymptotical smaller than g(n) if f(n) = o(g(n)), and f(n) 
is asymptotically larger than g(nfiL£(n) = co(g(n)). 

One property of real numbers, however, does not carry over to asymptotic nota- 
tion: \ ^ 

o 

Trichotomy: For any two real numbers a @J b, exactly one of the following must 
hold: a < b, a = b, or a > b. 

Although any two real numbers can be comprised, not all functions are asymptot- 
ically comparable. That is, for two functions /(a) mid g(n), it may be the case 
that neither f(n) = 0(g(n)) nor /(«) = £2(g(«)){jolds. For example, we cannot 
compare the functions n and « 1+sin " using asymptotic notation, since the value of 
the exponent in « 1+sm " oscillates between 0 and 2, takin^bn all values in between. 

a 

Exercises vo 
3.1-1 

Let f(n) and g(n) be asymptotically nonnegative functions. Using the basic defi- 
nition of ©-notation, prove that max(/ (n), g(n)) = &(f (n) + g(n)). 

3.1-2 

Show that for any real constants a and b, where b > 0, 

(n + a) b = @(n b ) . (3.2) 
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\ 

3.1- 3 

, Explain why the statement, "The running time of algorithm A is at least 0(n 2 )," is 
meaningless. 

Wp^ 1 = 0(2")? Is 2 2n = 0(2")? 

3.2- 50 

Prove orem 3.1. 

V 

3.1-6 \f* 

Prove that fhe^rfenning time of an algorithm is &(g(n)) if and only if its worst-case 
running time is*"^^^)) and its best-case running time is £2(g(«)). 

3.1-7 <\, 

Prove that o(g(n)) fw^{n)) is the empty set. 

We can extend our notations© the case of two parameters n and m that can go to 
infinity independently at diff^nt rates. For a given function g(n,m), we denote 
by 0(g(n,m)) the set of functions 

0(g(n , m)) = {f{n,m) : there ex^t positive constants c, n 0 , and m 0 

such fhaf^I < f(n,m) < cg(n,m) 
for all n > ©or m > m 0 } . 




Give corresponding definitions for Q(g\njn^) and &(g(n,m)). 

: °x 

3.2 Standard notations and common functions O 

This section reviews some standard mathematical funGbns and notations and ex- 
plores the relationships among them. It also illustrates use of the asymptotic 
notations. V? 

Monotonicity 

A function f(n) is monotonically increasing if m < n implies f(m) < f{n). 
Similarly, it is monotonically decreasing if m < n implies f(m) > f(n). A 
function fin) is strictly increasing if m < n implies f(m) < f(n) and strictly 
decreasing if m < n implies f(m) > f(n). 
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Floors and ceilings 

* < C? or an y rea ^ num ber x, we denote the greatest integer less than or equal to x by |_xj 
^-W&d "the floor of x") and the least integer greater than or equal to x by fx] (read 
"tnexeiling of x")- For all real x, 

x-Oc [x\ < x < \x] < x + I . (3.3) 




For anyMjj^ger n , 
\n/l\ + \i<h\ = n 

V 

and for any real^mber x > 0 and integers a , b > 0, 

\x/a\ ' 
b 

[x/a\ 




< 



a 

x 

ub 
a + (b 




a 



b 
(b 



b 



The floor function f(x) 
tion f(x) = \x\ 



|_xj is 



'4, 

monot 



(3.4) 

(3.5) 

(3.6) 
(3.7) 



Modular arithmetic 



noj&nically increasing, as is the ceiling func- 

o 

\ 

For any integer a and any positive integer n ,\W£)value a mod n is the remainder 
(or residue) of the quotient a/n: O 

<^ 

a — n [a/n\ . (3.8) 



a mod « 
It follows that 
0 < a mod n < n 



(3.9) 



Given a well-defined notion of the remainder of one integer when divided by an- 
other, it is convenient to provide special notation to indicate equality of remainders. 
If (a mod n) = (b mod n), we write a = b (mod n) and say that a is equivalent 
to b, modulo n. In other words, a = b (mod n) if a and b have the same remain- 
der when divided by n. Equivalently, a = b (mod n) if and only if n is a divisor 
of b — a. We write a ^ b (mod n) if a is not equivalent to b, modulo n. 
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Polynomials 

rv Given a nonnegative integer d, a polynomial in n of degree d is a function p(n) 
^ the form 

where phe constants a 0 ,ai, . . . ,aj are the coefficients of the polynomial and 
^ oS^polynomial is asymptotically positive if and only if «j > 0. For an 
asymptotiamly^positive polynomial p(n) of degree d, we have p(n) = &(n d ). For 
any real coimant a > 0, the function n a is monotonically increasing, and for any 
real constant af< 0, the function n a is monotonically decreasing. We say that a 
function f(n) i$$>J^nomially bounded if f(ri) = 0(n k ) for some constant k. 

Exponentials \ * ^ 

For all real a > 0, m, and^> we have the following identities: 

\ 

A. 

For all « and a > 1, the function a" is monotonically increasing in n. When 
convenient, we shall assume 0° = 1 . <\J 

We can relate the rates of growth of polynoQaLs and exponentials by the fol- 
lowing fact. For all real constants a and b such th£t a > 1 , 

n b • 

lim — = 0 , O (3.10) 

n->oo q" ^-^ 

from which we can conclude that y^S 
« fe = o(a n ) . 

Thus, any exponential function with a base strictly greater than 1 grows faster than 
any polynomial function. 

Using e to denote 2.71828 . . ., the base of the natural logarithm function, we 
have for all real x, 

2 3 OO ; 

^ = l+x + - + - + - = J2-, (3.11) 



a 0 


= 1 , 


a 1 


= a , 


a- 1 


= 1/a , 


{a m ) n 


(i mn 


{a m f 


= (a n ) m 


a m a" 


= a m+n 
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where "!" denotes the factorial function defined later in this section. For all real x, 
we have the inequality 

\5K>l+x, (3.12) 

wnere equality holds only when x = 0. When |x| < 1, we have the approximation 

1 e x < 1 +x + x 2 . (3.13) 

When 0, the approximation of e x by 1 + x is quite good: 

e x = 1 -f§) + 0(x 2 ) . 

(In this equation, the asymptotic notation is used to describe the limiting behavior 
as x — > 0 ratlw than as x — > oo.) We have for all x, 

lim (l + -)" d$ . (3.14) 
Logarithms 

We shall use the following (flotations: 

lg n = log 2 n (binarf(iSgarithm) , 

In n = \og e n (natural logarithm) , 
\g k n = (\gn) k (exponentia'tipH^ , 
lg lg « = lg(lgn) (composition) ^> 

An important notational convention we ^11 adopt is that logarithm functions will 
apply only to the next term in the formulae^ that lg« + k will mean (lg«) + k 
and not \g(n + k). If we hold b > 1 consm^^then for n > 0, the function log fe n 
is strictly increasing. 

For all real a > 0, b > 0, c > 0, and n , q 

a = b iog » a , A 
\og c {ab) = log c a + log c 6, . 
log 6 a n = n \og b a , 0\ 

\og r a U, 

los - a - 5£*' <5> <3 - 15) 

log 6 (l/fl) = -log fe a, 

log;, a = , 

log fl 6 

where, in each equation above, logarithm bases are not 1 . 
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By equation (3.15), changing the base of a logarithm from one constant to an- 
other changes the value of the logarithm by only a constant factor, and so we shall 
^\ often use the notation "lgw" when we don't care about constant factors, such as in 
V'w-notation. Computer scientists find 2 to be the most natural base for logarithms 
because so many algorithms and data structures involve splitting a problem into 

There is a simple series expansion for ln(l + x) when \x\ < 1: 

CO x 2 x 3 x 4 x 5 

ln(l + x^x- y + y - T + y -.... 

We also hav^tjj^ following inequalities for x > — 1 : 

— < ln(l l&cl < x , (3.17) 
1 + x <A 

where equality holds^inly for x = 0. 

We say that a functio^j («) is polylogarithmically bounded if / («) = 0{\g k n) 
for some constant k. We<c5an relate the growth of polynomials and polylogarithms 
by substituting \gn for n an<f^ a for a in equation (3.10), yielding 

\g b n \g b n ® 
lim ■ — = lim = 0 . 

n->oo (2 a ) gn n^-oo fl a 

From this limit, we can conclude tha^/"* 
\g b n = o(n a ) O 

for any constant a > 0. Thus, any positivapolynomial function grows faster than 
any polylogarithmic function. 

Factorials 

The notation n ! (read "n factorial") is defined for infeg^s n > 0 as 

j 1 if n = 0 , 0> 

n ■(«-!)! if n>0. V 



Thus, «! = 1 • 2 • 3 • • • n. 

A weak upper bound on the factorial function is w! < since each of the n 
terms in the factorial product is at most n. Stirling's approximation, 



^G)"( 1+8 (»)) ' (3 - 18) 
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where e is the base of the natural logarithm, gives us a tighter upper bound, and a 
lower bound as well. As Exercise 3.2-3 asks you to prove, 

^S\>n\ = o(n n ), 

Va! = co(2 n ), 



§4 = 6(«lg«), (3.19) 

where ^irling's approximation is helpful in proving equation (3.19). The following 
equation ^o holds for all n > 1 : 

V2^-)" e a " (3-20) 
where 

Functional iteration /\ 

We use the notation / (,) («^t6)denote the function /(«) iteratively applied i times 
to an initial value of n. Formally, let f(n) be a function over the reals. For non- 
negative integers i , we recursively define 



f {i \n) 



n if 
f(f«-Hn)) if/>0y> 
For example, if f(n) = 2m, then 2 ! «. 

The iterated logarithm function vj v 

We use the notation lg n (read "log stai' of «") totfSnote the iterated logaiithm, de- 
fined as follows. Let lg (,) n be as defined above, witlv^(n) = lg n. Because the log- 
arithm of a nonpositive number is undefined, lg (,) n is defined only if lg (,_1) n > 0. 
Be sure to distinguish lg (,) n (the logarithm function applied i times in succession, 
stalling with argument n) from lg' n (the logaiithm of /rpised to the z'th power). 
Then we define the iterated logarithm function as yO. 

lg*« = min{/ > 0 : lg (0 w < 1} . 
The iterated logarithm is a very slowly growing function: 
lg*2 = 1, 
lg*4 = 2, 
lg* 16 = 3, 
lg* 65536 = 4, 
lg*(2 65536 ) = 5 . 
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Since the number of atoms in the observable universe is estimated to be about 10 80 , 
which is much less than 2 65536 , we rarely encounter an input size n such that 
^ y n > 5. 

Irocraacci numbers 

Wetl^ne the Fibonacci numbers by the following recurrence: 
=<Sh 

Fi = V (3.22) 
Ft = F&±Fi- 2 fori > 2. 

Thus, each Fibqrijteci number is the sum of the two previous ones, yielding the 
sequence ^ 

0, 1, 1, 2, 3, 5, 8,V3^21, 34, 55, ... . 

Fibonacci numbers are r^^ed to the golden ratio <p and to its conjugate </>, which 
are the two roots of the equ^rfton 

x 2 = x + 1 0 (3.23) 

and are given by the following foF^las (see Exercise 3.2-6): 

lb 



2 

1.61803... 
1 - V5 
2 

-.61803... 



Specifically, we have , 



75 ' 



which we can prove by induction (Exercise 3.2-7). Since |^| < 1, we have 

\ll < J_ 

V5 V5 
1 

< 2' 
which implies that 
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Ft 



<p ! 1 

7! + 2 



(3.25) 



Q3«4ych is to say that the i th Fibonacci number F t is equal to (p l / V5 rounded to the 
rie^r^st integer. Thus, Fibonacci numbers grow exponentially. 

Exer^^ 
3.2-1 ® 

Show that \i/f (rj) and g(n) are monotonically increasing functions, then so are 
the functions'^ (?) + S( n ) m d f(g(n)), and if f(n) and are in addition 
nonnegative, tft£ryf(n) ■ g(n) is monotonically increasing. 

3.2-2 

Prove equation (3.16)..>* 



Prove equation (3.19). Also^rove that 77! = <y(2") and «! = o(n"). 



3.2-3 

3.2-4 ★ 0 

Is the function |"lg »] ! polynomial^ bounded? Is the function |"lg lg n] ! polynomi- 
ally bounded? *Q 

3.2-5 * N ^ 

Which is asymptotically larger: lg(lg* «fT^g*(lg«)? 

3.2-6 \S> 

Show that the golden ratio <p and its con^dgjite (p both satisfy the equation 
x 2 = x + h O 

3.2-7 

Prove by induction that the 2 th Fibonacci number satisfijes\the equality 



sfi^t 

0' - ft o 



V5 ' 

where 0 is the golden ratio and <p is its conjugate. 



3.2-8 

Show that kink = 0(h) implies k = 0(«/ In «). 
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Probleins 



4- 



1 Asymptotic behavior of polynomials 



4 



ain , 

where fljO 0, be a degree- d polynomial in n, and let k be a constant. Use the 
definitions o^je asymptotic notations to prove the following properties. 

a. If k > d, the$>(«) = 0(n k ). 

b. If k < d, then p(r#'= Q(n k ). 

c. \fk = d, then p{rfi^{n k ). 

d. If k > d, then p(n) = S^n k ^ 



e. If k < d, then p(n) = a)(n 

3-2 Relative asymptotic growths \( 

Indicate, for each pair of expressions in the table below, whether A is O, o, 

Q, a), or 0 of B. Assume that k > 1, e and c > 1 are constants. Your answer 



a. 
b. 
c. 
d. 
e. 



A 


B 


0 


0 




rex 


e 


\g k n 


n € 












n k 


c n 








1 


i 


*Jn 


^sin n 










O 


2" 


2 n/2 












n* e 


c lg« 












lg(n!) 


lg(n") 













3-3 Ordering by asymptotic growth rates 

a. Rank the following functions by order of growth; that is, find an arrangement 
gi, gi, ■ ■ ■ , gso of the functions satisfying g x = Q(g 2 ), g 2 = ^(gs), 
g 2 g = Q(g3o)- Partition your list into equivalence classes such that functions 
/ (n) and g(n) are in the same class if and only if / (n) = ®(g(n)). 
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Ig(lg* n) 


2 lg *" 


(V2) ls " 


9 

/r 


«! 


(lg«)! 


(2) 


« 


lg « 


lg(«!) 


2 


1 / le n 

n 1 h 


5 In Inn 


lg n 


77-2" 


„lglg« 


In 77 


1 




(lg«) lg " 


e" 




(77 + 1)! 




lg^) 






2" 


77 lg 77 


2 2 " +1 



b. Give an^ample of a single nonnegative function / (77) such that for all func- 
tions gi(nyfxt part (a), f{n) is neither 0(g, (/7)) nor 

3-4 Asymptotic notation properties 

Let /(t7) and g(7i) D^lsymptotically positive functions. Prove or disprove each of 
the following conjectu^js.' 



a. fin) = Oigin)) imr3lie>g(77) = 0(f(n)). 

b. f{n) + gin) = ®(mm(J&),g(n))). 

c. f(n) = 0(g(n)) implies lg(/(77)^ = 0(lg(g(77))), where lg(g(«)) > 1 and 
f(n) > 1 for all sufficiently larg 

d. fin) = Oigin)) implies 2 /(,,) 



e. fin) = OHfin)f). & 

f. fin) = Oigin)) implies g(n) = fi(/(#0*O 

g. fin) = 9(7(77/2)). ^ 

h. fin) + oifin)) = ©(/(«)). ' ^ 

3-5 Variations on O and S2 

Some authors define Q in a slightly different way than we do; let's use £2 (read 
"omega infinity") for this alternative definition. We say that /(«) = Qigin)) if 
there exists a positive constant c such that /(tz) > cgin) > 0 for infinitely many 
integers 77 . 

a. Show that for any two functions / (77) and g(77) that are asymptotically nonneg- 

00 

ative, either 7(77) = Oigin)) or fin) = Qigin)) or both, whereas this is not 

00 

true if we use Q in place of Q. 
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b. Describe the potential advantages and disadvantages of using Q. instead of Q to 
characterize the running times of programs. 



^^Some authors also define O in a slightly different manner; let's use O' for the 
^^j^mative definition. We say that fin) = 0'(g(n)) if and only if |/(«)| = 

happens to each direction of the "if and only if" in Theorem 3.1 if we 
sub^Ute O' for O but still use Q? 

Some autffors> define O (read "soft-oh") to mean O with logarithmic factors ig- 
nored: \) 

0(g(n)) = {/ (^jjfc there exist positive constants c, k, and n 0 such that 
A) < f(n) < cg(n) lg k (n) for all n > n 0 } . 
~ — V^' 

d. Define £2 and 0 in a^imilar manner. Prove the corresponding analog to Theo- 
rem 3.1. >> 

3-6 Iterated functions (\\ 

We can apply the iteration operator * used in the lg* function to any monotonically 
increasing function / (n) over thej^als. For a given constant c e R, we define the 
iterated function f* by 

/» = min{/>0: f (i \n)<c} ,0 

which need not be well defined in all cai2?Jn other words, the quantity f*(n) is 
the number of iterated applications of the sWtion / required to reduce its argu- 
ment down to c or less. 

For each of the following functions / («) ancU#ojistants c, give as tight a bound 
as possible on f*(n). 



a. 
b. 
c. 
d. 
e. 
f 



/(«) c 


fc*{n) 


n-l 0 




lgw 1 




n/2 1 




n/2 2 




•Jn 2 




■sfn 1 




/i 1 / 3 2 




n 1 lg n 2 
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Chapter notes 

KjUuth [209] traces the origin of the O -notation to a number-theory text by P. Bach- 
map^i in 1892. The o-notation was invented by E. Landau in 1909 for his discussion 
of th^listribution of prime numbers. The £2 and 0 notations were advocated by 
Knuth (^3] to correct the popular, but technically sloppy, practice in the literature 
of using ^notation for both upper and lower bounds. Many people continue to 
use the 0-ijO*tetion where the ©-notation is more technically precise. Further dis- 
cussion of tfiebistory and development of asymptotic notations appeal's in works 
by Knuth [209, and Brassard and Bratley [54]. 

Not all aufhorvdefine the asymptotic notations in the same way, although the 
various definitionsTisaee in most common situations. Some of the alternative def- 



initions encompass functions that are not asymptotically nonnegative, as long as 
their absolute values are appropriately bounded. 

Equation (3.20) is duenoRobbins [297]. Other properties of elementary math- 
ematical functions can bev^und in any good mathematical reference, such as 
Abramowitz and Stegun [l]\>r Zwillinger [362], or in a calculus book, such as 
Apostol [18] or Thomas et al. Knuth [209] and Graham, Knuth, and Patash- 

nik [152] contain a wealth of materialon discrete mathematics as used in computer 
science. "O 
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~ Divide-and-Conquer 

% 

In Section 2.3.l^we saw how merge sort serves as an example of the divide-and- 
conquer paradigm./'Recall that in divide-and-conquer, we solve a problem recur- 
sively, applying three^teps at each level of the recursion: 

Divide the problem int^k number of subproblems that are smaller instances of the 
same problem. (\> 

Conquer the subproblems r*y\qlving them recursively. If the subproblem sizes are 
small enough, however, jusosolve the subproblems in a straightforward manner. 



Combine the solutions to the sutnp^blems into the solution for the original prob- 
lem. \^ 
When the subproblems are large enougQo solve recursively, we call that the recur- 
sive case. Once the subproblems becom^mall enough that we no longer recurse, 
we say that the recursion "bottoms out" ar^Wiat we have gotten down to the base 
case. Sometimes, in addition to subproblem^^t are smaller instances of the same 
problem, we have to solve subproblems that ar^Tjot quite the same as the original 
problem. We consider solving such subproblems a^part of the combine step. 

In this chapter, we shall see more algorithms based on divide-and-conquer. The 
first one solves the maximum-subarray problem: it takes, as input an array of num- 
bers, and it determines the contiguous subarray whose values have the greatest sum. 
Then we shall see two divide-and-conquer algorithms forlmiltiplying n x n matri- 
ces. One runs in 0(« 3 ) time, which is no better than the str&ghtforward method of 
multiplying square matrices. But the other, Strassen's algorithm, runs in 0(n 2 S1 ) 
time, which beats the straightforward method asymptotically. 



Recurrences 

Recurrences go hand in hand with the divide-and-conquer paradigm, because they 
give us a natural way to characterize the running times of divide-and-conquer algo- 
rithms. A recurrence is an equation or inequality that describes a function in terms 
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of its value on smaller inputs. For example, in Section 2.3.2 we described the 
worst-case running time T(n) of the Merge-Sort procedure by the recurrence 



s^c 



2T(n/2) + &(n) if n > 1 



whose'solution we claimed to be T(n) = 0(n lg«). 

RecuCT&nces can take many forms. For example, a recursive algorithm might 
divide subproblems into unequal sizes, such as a 2/3-to-l/3 split. If the divide and 
combine steps take linear time, such an algorithm would give rise to the recurrence 
T(n) = T{2h£\ + T(n/3) + @(«). 

Subproblems Y ^e not necessarily constrained to being a constant fraction of 
the original probie^ size. For example, a recursive version of linear search 
(see Exercise 2.1-3)^would create just one subproblem containing only one el- 
ement fewer than tha^riginal problem. Each recursive call would take con- 
stant time plus the time /for the recursive calls it makes, yielding the recurrence 



7» = T(n - 1) + 0(1).A 

This chapter offers three meifoods for solving recurrences— that is, for obtaining 
asymptotic "0" or "O" bound's^ the solution: 

• In the substitution method, we guess a bound and then use mathematical in- 
duction to prove our guess corre£D . 

• The recursion-tree method conveMsJbe recurrence into a tree whose nodes 
represent the costs incurred at variousMevels of the recursion. We use techniques 



for bounding summations to solve the\t&e&rrence. 

The master method provides bounds for recurrences of the form 

T(n) = aT(n/b) + f(n) , (4.2) 

where a > 1, b > 1, and /(«) is a given function. Such recurrences arise 
frequently. A recurrence of the form in equation (4(5} characterizes a divide- 
and-conquer algorithm that creates a subproblems, efcVof which is l/b the 
size of the original problem, and in which the divide and cmftbine steps together 
take / (n ) time. 

To use the master method, you will need to memorize three cases, but once 
you do that, you will easily be able to determine asymptotic bounds for many 
simple recurrences. We will use the master method to determine the running 
times of the divide-and-conquer algorithms for the maximum-subarray problem 
and for matrix multiplication, as well as for other algorithms based on divide- 
and-conquer elsewhere in this book. 
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Occasionally, we shall see recurrences that are not equalities but rather inequal- 
ities, such as T(n) < 2T(n/2) + 0(«). Because such a recurrence states only 
^\ mi upper bound on T(n), we will couch its solution using O-notation rather than 
V'TO -notation. Similarly, if the inequality were reversed to T{n) > 2T(n/2) + 0(«), 
th^ji because the recurrence gives only a lower bound on T(n), we would use 
£?Tp6tation in its solution. 

Techni^sjjities in recurrences 

In practical we neglect certain technical details when we state and solve recur- 
rences. For N €x£miple, if we call Merge-Sort on n elements when n is odd, we 
end up with su^problems of size [n / 2 J and \n / 2] . Neither size is actually n / 2, 
because n/2 is rSalt^n integer when n is odd. Technically, the recurrence describing 
the worst-case running time of Merge-Sort is really 

7»=j 0(1) ^ iin = U (4.3) 

} T(\n/2]) + T((hi/2\) + &(n) if n > 1 . 

6 

Boundary conditions represent another class of details that we typically ignore. 
Since the running time of air-algorithm on a constant-sized input is a constant, 
the recurrences that arise from* thg* running times of algorithms generally have 
T(n) = ©(1) for sufficiently smMyn* Consequently, for convenience, we shall 
generally omit statements of the boundary conditions of recurrences and assume 
that T(n) is constant for small n. For Example, we normally state recurrence (4.1) 

Tin) = 2T{n/2) + ®(n) , ^ (4.4) 

without explicitly giving values for small n. TlQea son is that although changing 
the value of T(l) changes the exact solution to tjje recurrence, the solution typi- 
cally doesn't change by more than a constant factor* and so the order of growth is 
unchanged. 

When we state and solve recurrences, we often omit f@rs, ceilings, and bound- 
ary conditions. We forge ahead without these details an&<&pr determine whether 
or not they matter. They usually do not, but you should know when they do. Ex- 
perience helps, and so do some theorems stating that these details do not affect the 
asymptotic bounds of many recurrences characterizing divide-and-conquer algo- 
rithms (see Theorem 4.1). In this chapter, however, we shall address some of these 
details and illustrate the fine points of recurrence solution methods. 
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4.1 The jnaximum-subarray problem 

"Mjppose that you been offered the opportunity to invest in the Volatile Chemical 
Coloration. Like the chemicals the company produces, the stock price of the 
Volatffe Chemical Corporation is rather volatile. You are allowed to buy one unit 
of stoc^nly one time and then sell it at a later date, buying and selling after the 
close of t^ing for the day. To compensate for this restriction, you are allowed to 
learn what^Hs price of the stock will be in the future. Your goal is to maximize 
your profit. Fj£ure 4.1 shows the price of the stock over a 17-day period. You 
may buy the sto^k at any one time, starting after day 0, when the price is $100 
per share. Of cotirss, you would want to "buy low, sell high"— buy at the lowest 
possible price andMaJ^r on sell at the highest possible price— to maximize your 
profit. UnfortunatelyVyou»might not be able to buy at the lowest price and then sell 
at the highest price whhuva given period. In Figure 4.1, the lowest price occurs 
after day 7, which occurs^after the highest price, after day 1. 

You might think that yov'fcjin always maximize profit by either buying at the 
lowest price or selling at the highest price. For example, in Figure 4.1, we would 
maximize profit by buying at thpJlowest price, after day 7. If this strategy always 
worked, then it would be easy to determine how to maximize profit: find the highest 
and lowest prices, and then work leJy^om the highest price to find the lowest prior 
price, work right from the lowest price to find the highest later price, and take 
the pair with the greater difference. Figure 4.2 shows a simple counterexample, 
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Figure 4.1 Information about the price of stock in the Volatile Chemical Corporation after the close 
of trading over a period of 17 days. The horizontal axis of the chart indicates the day, and the vertical 
axis shows the price. The bottom row of the table gives the change in price from the previous day. 
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Figure 4.2 >f ^n example showing that the maximum profit does not always start at the lowest price 
or end at the highest price. Again, the horizontal axis indicates the day, and the vertical axis shows 
the price. Here,ytf5a maximum profit of $3 per share would be earned by buying after day 2 and 
selling after day 3T The price of $7 after day 2 is not the lowest price overall, and the price of $10 
after day 3 is not the^Aigbest price overall. 



demonstrating that tn^ra^iximum profit sometimes comes neither by buying at the 
lowest price nor by selrkig>at the highest price. 

A brute-force solution s ^ 

We can easily devise a brute-for^e solution to this problem: just try every possible 
pair of buy and sell dates in whichr^h^ buy date precedes the sell date. A period of n 
days has such pairs of dates. Sin^e^) is ®(n 2 ), and the best we can hope for 
is to evaluate each parr of dates in conf^nt time, this approach would take Q(n 2 ) 
time. Can we do better? (~\ 

\ 

A transformation 

In order to design an algorithm with an o(« 2 )Qp«ing time, we will look at the 
input in a slightly different way. We want to fin&a sequence of days over which 
the net change from the first day to the last is maximum. Instead of looking at the 
daily prices, let us instead consider the daily change ifCp\ice, where the change on 
day i is the difference between the prices after day i — lG^d after day i . The table 
in Figure 4. 1 shows these daily changes in the bottom rowjf we treat this row as 
an array A, shown in Figure 4.3, we now want to find the nonempty, contiguous 
subarray of A whose values have the largest sum. We call this contiguous subarray 
the maximum subarray. For example, in the array of Figure 4.3, the maximum 
subarray of A[\ . . 16] is ^4[8 ..11], with the sum 43. Thus, you would want to buy 
the stock just before day 8 (that is, after day 7) and sell it after day 11, earning a 
profit of $43 per share. 

At first glance, this transformation does not help. We still need to check 
C" 1 ) = 0(n 2 ) subarrays for a period of n days. Exercise 4.1-2 asks you to show 
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maximum subarray 

Fi^l^ 4.3 The change in stock prices as a maximum-subarray problem. Here, the subar- 
ray Am). 1 1], with sum 43, has the greatest sum of any contiguous subarray of array A. 

\, 

that although computing the cost of one subarray might take time proportional to 
the length of^he subarray, when computing all 0(« 2 ) subarray sums, we can orga- 
nize the compilation so that each subarray sum takes 0(1) time, given the values 
of previously computed subarray sums, so that the brute-force solution takes 0(« 2 ) 
time. ^ 

So let us seek a .more efficient solution to the maximum-subarray problem. 
When doing so, we wilhusually speak of "a" maximum subarray rather than "the" 
maximum subarray, since^there could be more than one subarray that achieves the 
maximum sum. ^ > 

The maximum-subarray^mblem is interesting only when the array contains 
some negative numbers. Ir- aU the array entries were nonnegative, then the 
maximum-subarray problem would present no challenge, since the entire array 
would give the greatest sum. • > 

A solution using divide-and-conquen q 

Let's think about how we might solve^^ maximum-subarray problem using 
the divide-and-conquer technique. Suppose^te want to find a maximum subar- 
ray of the subarray A[low . . high]. Divide-a^t^onquer suggests that we divide 
the subarray into two subarrays of as equal siz€^s possible. That is, we find 
the midpoint, say mid, of the subarray, and consider the subarrays A [low . . mid] 
and A[mid + 1 . . high]. As Figure 4.4(a) shows, any contiguous subarray A[i . . j] 
of A[low . . high] must lie in exactly one of the following-places: 

• entirely in the subarray A[low . . mid], so that low < i < mid, 

• entirely in the subarray A[mid + 1 . . high], so that mid ^sp>< j < high, or 

• crossing the midpoint, so that low < i < mid < j < high. 

Therefore, a maximum subarray of A [low . . high] must lie in exactly one of these 
places. In fact, a maximum subarray of A[low . .high] must have the greatest 
sum over all subarrays entirely in A[low . .mid], entirely in A[mid + 1 . .high], 
or crossing the midpoint. We can find maximum subarrays of A [low . . mid] and 
A[mid+ 1 . . high] recursively, because these two subproblems are smaller instances 
of the problem of finding a maximum subarray. Thus, all that is left to do is find a 
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Figure (a) Possible locations of subarrays of A[/on> . . high]: entirely in A[low . . mid], entirely 
in A[micS¥\.. high], or crossing the midpoint mid. (b) Any subarray of A[low . . high] crossing 
the midpoinl^^Dmprises two subarrays A[i . . mid] and A[mid + I ..j], where low < i < mid and 
mid < j < hfgj^ 



maximum subar^t that crosses the midpoint, and take a subarray with the largest 
sum of the three. ^\ 

We can easily findX maximum subarray crossing the midpoint in time linear 
in the size of the subarp&y A[low . . high]. This problem is not a smaller instance 
of our original problem, because it has the added restriction that the subarray it 
chooses must cross the imqp^int. As Figure 4.4(b) shows, any subarray crossing 
the midpoint is itself made of two subarrays A[i . , mid] and A[mid + 1 . . j], where 
low < i < mid and mid < 7^5 high. Therefore, we just need to find maximum 
subarrays of the form A [i . . mid\ and A [mid + 1 . . j ] and then combine them. The 
procedure Find-Max-CrossinS-^u^array takes as input the array A and the 
indices low, mid, and high, and it returns a tuple containing the indices demarcating 
a maximum subarray that crosses the midpoint, along with the sum of the values in 
a maximum subarray. 

FlND-MAX-CROSSING-SUBARRAY(^, low^hyi, high) 



o 



1 left-sum = —00 

2 sum = 0 

3 for i = mid downto low 

4 sum = sum + A[i] 

5 if sum > left-sum 

6 left-sum = sum 
1 max-left = i 

8 right-sum = — 00 

9 sum = 0 

10 for j — mid + 1 to high 

11 sum = sum + A [j] 

12 if sum > right-sum 

13 right-sum = sum 

14 max-right = j 

15 return (max-left, max-right, left-sum + right-sum) 
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This procedure works as follows. Lines 1-7 find a maximum subarray of the 
left half, A[low . .mid]. Since this subarray must contain A[mid], the for loop of 
^fcines 3-7 starts the index i at mid and works down to low, so that every subarray 
■ifoonsiders is of the form A[i . .mid]. Lines 1-2 initialize the variables left-sum, 
whi<Jh holds the greatest sum found so far, and sum, holding the sum of the entries 
in mid]. Whenever we find, in line 5, a subarray A[i . . mid] with a sum of 
valuesgreater than left-sum, we update left-sum to this subarray's sum in line 6, and 
in line 7 are update the variable max-left to record this index i. Lines 8-14 work 
analogousry^for the right half, A[mid+ 1 . . high]. Here, the for loop of lines 10-14 
starts the index^'at mid+ 1 and works up to high, so that every subarray it considers 
is of the fonmAjmid + 1 . . j]. Finally, line 15 returns the indices max-left and 
max-right that demarcate a maximum subarray crossing the midpoint, along with 
the sum left-sum -f^)ight-sum of the values in the subarray A[max-left . . max-right]. 

If the subarray Apow high] contains n entries (so that n = high — low + 1), 
we claim that the ind-Max-Crossing-Subarray (^4, W,m/<i, high) 

takes 0(«) time. Since(gach iteration of each of the two for loops takes 0(1) 
time, we just need to courtfjip how many iterations there are altogether. The for 
loop of lines 3-7 makes mid £iow + 1 iterations, and the for loop of lines 10-14 
makes high — mid iterations, ar(S^o the total number of iterations is 

(mid — low + 1) + (high — mid) • high — low + 1 

With a linear-time FiND-MAX-CROg^JG-SuBARRAY procedure in hand, we 
can write pseudocode for a divide-and-corfcpner algorithm to solve the maximum- 
subarray problem: 

^\ 

Find-Maximum-Sub array(^, low, high) s 

1 if high == low y\ 

2 return (low, high, A[low]) II base case: only one element 

3 else mid = [(low + high) / '2J * ^ 

4 (left-low, left-high, left-sum) = 

Find-Maximum-Sub array (A, low, midf^. 

5 (right-low , right-high, right-sum) = \? 

FlND-MAXIMUM-SUB ARRAY (^4, mid + I, high) 

6 (cross-low, cross-high, cross-sum) = 

FlND-MAX-CROSSING-SUBARRAY(^, low, mid, high) 
1 if left-sum > right-sum and left-sum > cross-sum 

8 return (left-low, left-high, left-sum) 

9 elseif right-sum > left-sum and right-sum > cross-sum 

10 return (right-low, right-high, right-sum) 

1 1 else return (cross-low , cross-high , cross-sum) 
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The initial call Find-Maximum-Subarray(^, 1, A. length) will find a maxi- 
mum subarray of A[\ . . n]. 
\§\ Similar to Find-Max-Crossing-Subarray, the recursive procedure Find- 
v^Maximum-Subarray returns a tuple containing the indices that demarcate a 
m&rimum subarray, along with the sum of the values in a maximum subarray. 
LrjjeSl tests for the base case, where the subarray has just one element. A subar- 
ray with just one element has only one subarray— itself— and so line 2 returns a 
tuple wiA the starting and ending indices of just the one element, along with its 
value. Dines 3-11 handle the recursive case. Line 3 does the divide part, comput- 
ing the indeJWMz'c? of the midpoint. Let's refer to the subarray A [low . . mid] as the 
left subarray a^d to A[mid + 1 . . high] as the right subarray. Because we know 
that the subarray Allow . . high] contains at least two elements, each of the left and 
right subarrays rstaskhave at least one element. Lines 4 and 5 conquer by recur- 
sively finding maximum, subarrays within the left and right subarrays, respectively. 
Lines 6-1 1 form the\?ombine part. Line 6 finds a maximum subarray that crosses 
the midpoint. (Recall tijai because line 6 solves a subproblem that is not a smaller 
instance of the original prcjMem, we consider it to be in the combine part.) Line 7 
tests whether the left subai^ay contains a subarray with the maximum sum, and 
line 8 returns that maximum(^)barray. Otherwise, line 9 tests whether the right 
subarray contains a subarray witfr the maximum sum, and line 10 returns that max- 
imum subarray. If neither the lefbffqr right subarrays contain a subarray achieving 
the maximum sum, then a maximum^tfbarray must cross the midpoint, and line 1 1 
returns it. Q 

Analyzing the divide-and-conquer algornjfyn 

Next we set up a recurrence that describes the^inning time of the recursive FlND- 
Maximum-Subarray procedure. As we dio--wben we analyzed merge sort in 
Section 2.3.2, we make the simplifying assumption that the original problem size 
is a power of 2, so that all subproblem sizes are integers. We denote by T(n) the 
running time of Find-Maximum-Subarray on a £yWray of n elements. For 
starters, line 1 takes constant time. The base case, wh©n = 1, is easy: line 2 
takes constant time, and so vj) 

7(1) = 0(1) . (4.5) 

The recursive case occurs when n > 1 . Lines 1 and 3 take constant time. Each 
of the subproblems solved in lines 4 and 5 is on a subarray of n/2 elements (our 
assumption that the original problem size is a power of 2 ensures that n /2 is an 
integer), and so we spend T(n/2) time solving each of them. Because we have 
to solve two subproblems— for the left subarray and for the right subarray— the 
contribution to the running time from lines 4 and 5 comes to 2T(n/2). As we have 
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already seen, the call to Find-Max-Crossing-Subarray in line 6 takes 0(n) 
time. Lines 7-11 take only 0(1) time. For the recursive case, therefore, we have 

VSfrn) = 6(1) + 2T{n/2) + @(n) + 0(1) 

V . = 2T(n/2) + &(n) . (4.6) 

CQ#d)ining equations (4.5) and (4.6) gives us a recurrence for the running 
time of Find-Maximum-Subarray: 

This recurrence's the same as recurrence (4.1) for merge sort. As we shall 
see from the master method in Section 4.5, this recurrence has the solution 
T(n) = 0(w lgn)SJYou might also revisit the recursion tree in Figure 2.5 to un- 
derstand why the solution, should be T(n) = 0(« lg«). 

Thus, we see that t^e* divide-and-conquer method yields an algorithm that is 
asymptotically faster tha^ihe brute-force method. With merge sort and now the 
maximum-subarray proble^>we begin to get an idea of how powerful the divide- 
and-conquer method can be.(^Sometimes it will yield the asymptotically fastest 
algorithm for a problem, and ot^" times we can do even better. As Exercise 4.1-5 
shows, there is in fact a linear-time, algorithm for the maximum-subarray problem, 
and it does not use divide-and-conqweTi 

< 

Exercises Q 

What does Find-Maximum-Subarray rerarawhen all elements of A are nega- 
tive? 

4.1-2 

Write pseudocode for the brute-force method of solving the maximum-subarray 
problem. Your procedure should run in 0(« 2 ) time. (^i. 

Implement both the brute-force and recursive algorithms^or the maximum- 
subarray problem on your own computer. What problem size n 0 gives the crossover 
point at which the recursive algorithm beats the brute-force algorithm? Then, 
change the base case of the recursive algorithm to use the brute-force algorithm 
whenever the problem size is less than n 0 . Does that change the crossover point? 

4.1-4 

Suppose we change the definition of the maximum-subarray problem to allow the 
result to be an empty subarray, where the sum of the values of an empty subar- 
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^> 

ray is 0. How would you change any of the algorithms that do not allow empty 
, subarrays to permit an empty subarray to be the result? 

the following ideas to develop a nonrecursive, linear-time algorithm for the 
„l&Aium-subarray problem. Start at the left end of the array, and progress toward 
the sight, keeping track of the maximum subarray seen so far. Knowing a maximum 
subarravof A[l . . j], extend the answer to find a maximum subarray ending at in- 
dex j +H s oy using the following observation: a maximum subarray of A[\ . . j + 1] 
is either aymaximum subarray of A[l . . j] or a subarray A[i . . j + 1], for some 
1 < i < X+J- Determine a maximum subarray of the form A[i . . j + 1] in 
constant timeliased on knowing a maximum subarray ending at index j . 

V 
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If you have seen matrices'b^fbre, then you probably know how to multiply them. 
(Otherwise, you should read^ection D.l in Appendix D.) If A = and 



B = (bjj) are square n x n matrices, then in the product C = A ■ B, we define the 
entry c,y, for i, j = 1,2,... , n,\>y*Z 

Cij = 'Y^ciik-bkj . q (4.8) 

We must compute n 2 matrix entries, and eacj^lis the sum of n values. The following 
procedure takes n x n matrices A and B and^fitjltiplies them, returning their n x n 
product C . We assume that each matrix has aijrlljJribute rows, giving the number 
of rows in the matrix. 



Square-Matrix-Multiply (A, B) 

1 n = A. rows 

2 let C be a new n x n matrix 

3 for i = 1 to n 

4 for j = 1 to n 

5 c u = 0 

6 for k = 1 to n 

Cij = Cij + a ik ■ b kj 

8 return C 



The Square-Matrix-Multiply procedure works as follows. The for loop 
of lines 3-7 computes the entries of each row i , and within a given row i , the 
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for loop of lines 4-7 computes each of the entries c ;/ , for each column j . Line 5 
initializes cy to 0 as we stall computing the sum given in equation (4.8), and each 
■^iteration of the for loop of lines 6-7 adds in one more term of equation (4.8). 
v-TJecause each of the triply-nested for loops runs exactly n iterations, and each 
ex^tion of line 7 takes constant time, the Square-Matrix-Multiply proce- 
dureytrives 0(n 3 ) time. 

Yofij BPjght at first think that any matrix multiplication algorithm must take Q(n 3 ) 
time, sincWhe natural definition of matrix multiplication requires that many mul- 
tiplicationV^fou would be incorrect, however: we have a way to multiply matrices 
in o(n 3 ) time. In this section, we shall see Strassen's remarkable recursive algo- 
rithm for mulfrphting n x n matrices. It runs in 0(« lg7 ) time, which we shall show 
in Section 4.5. Since lg 7 lies between 2.80 and 2.81, Strassen's algorithm runs in 
0(n 2 Sl ) time, whwuis asymptotically better than the simple Square-Matrix- 
Multiply procedure. , 

A simple divide-and-cohquer algorithm 

To keep things simple, wheivwe use a divide-and-conquer algorithm to compute 
the matrix product C = A ■ B,<^ assume that n is an exact power of 2 in each of 
the n x n matrices. We make this^assumption because in each divide step, we will 
divide n x n matrices into four n/2/£n/2 matrices, and by assuming that n is an 
exact power of 2, we are guaranteed thjj^s long as n > 2, the dimension n/2 is an 
integer. ^ 

Suppose that we partition each of A, Br^d C into four n/2 x n/2 matrices 



ppose that we partition eacn ot A, ^2&ia C into to 

( A " r = ( Si1 512 O^V = ( 

\ A 2l ^22 j ' V B 21 B 22 ) vo v 



Cli C\2 

C 2 \ c 22 



(4.9) 



so that we rewrite the equation C = A ■ B as 

fCn M = Mn M. (4.10) 

V t-21 (-22 / V A 2 l A 22 J \ B 21 B 22 J (J\ 



Equation (4. 10) coiTesponds to the four equations 





= A u 


■B n 


+ A 12 


■ B 2i 


c 12 


= A n 


■ B u 


+ A 12 


■ B 22 




= A 2l 


B n 


+ A 22 


B 2l 


C22 


= A 2l 


■ B X2 


+ A 22 


■ B 22 



(4.11) 
(4.12) 
(4.13) 
(4.14) 

Each of these four equations specifies two multiplications of n/2 x n/2 matrices 
and the addition of their n/2 x n/2 products. We can use these equations to create 
a straightforward, recursive, divide-and-conquer algorithm: 
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Square-Matrix-Multiply-Recursive (A,B) 

1 n = A. rows 
J2 let C be a new n x n matrix 
\>i if n == 1 

c n = a n -b n 
5 , <Olse partition A, B, and C as in equations (4.9) 

6 Cn = Square-Matrix-Multiply-Recursive (^ n , B u ) 
0 + Square-Matrix-Multiply-Recursive(^ 12 , B 2 i) 

7 ^g^, = Square-Matrix-Multiply-Recursive 04 n , B 12 ) 

Square-Matrix -Multiply-Recursive (,4 12 , B 22 ) 

8 C 2 i^\ Square-Matrix-Multiply-Recursive (A 2X , B u ) 

x bSvQUARE-MATRIX-MULTIPLY-RECURSIVE(yl22, B 21 ) 

9 c 22 =Nsoc are-Matrix-Multiply-Recursive (^21 , B l2 ) 

+ SQUARE-MATRIX-MULTIPLY-RECURSIVE(yl22, B 22 ) 

10 return C 

This pseudocode glos^^oyer one subtle but important implementation detail. 
How do we partition the maprces in line 5? If we were to create 12 new n/2xn/2 
matrices, we would spend 0^P) time copying entries. In fact, we can partition 
the matrices without copying egtriej. The trick is to use index calculations. We 
identify a submatrix by a range oQow indices and a range of column indices of 
the original matrix. We end up representing a submatrix a little differently from 
how we represent the original matrix, (Which is the subtlety we are glossing over. 
The advantage is that, since we can spgjfy submatrices by index calculations, 
executing line 5 takes only 0(1) timeXa|t^)ugh we shall see that it makes no 
difference asymptotically to the overall runnuak time whether we copy or partition 
in place). 

Now, we derive a recurrence to characterize^e running time of Square- 
Matrix-Multiply-Recursive. Let T(n) be She time to multiply two n x n 
matrices using this procedure. In the base case, whSn n = 1, we perform just the 
one scalar multiplication in line 4, and so v 

T{\) = 0(1) . (4.15) 

The recursive case occurs when n > 1. As discussed, partitioning the matrices in 
line 5 takes 0(1) time, using index calculations. In lines 6-9, we recursively call 
Square-Matrix-Multiply-Recursive a total of eight times. Because each 
recursive call multiplies two n/2 x n/2 matrices, thereby contributing T(n/2) to 
the overall running time, the time taken by all eight recursive calls is ST (n/2). We 
also must account for the four matrix additions in lines 6-9. Each of these matrices 
contains n 2 /A entries, and so each of the four matrix additions takes &(n 2 ) time. 
Since the number of matrix additions is a constant, the total time spent adding ma- 
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trices in lines 6-9 is 0(n 2 ). (Again, we use index calculations to place the results 
of the matrix additions into the correct positions of matrix C, with an overhead 
\^%f .0(1) time per entry.) The total time for the recursive case, therefore, is the sum 
•eyhe partitioning time, the time for all the recursive calls, and the time to add the 
mqt^ijces resulting from the recursive calls: 

T{n{^= 0(1) + 87>/2) + 0(« 2 ) 

V^87>/2) + &(n 2 ) . (4.16) 

Notice thatxT^ve implemented partitioning by copying matrices, which would cost 
0(« 2 ) time, th^ recurrence would not change, and hence the overall running time 
would increase *b^)only a constant factor. 

Combining equaflpns (4.15) and (4.16) gives us the recurrence for the running 
time of Square-M^iix -Multiply-Recursive: 

(0(1) X* x if« = l, 
7» = \ \ C\ (4.17) 

j 87(n/2) + ©Tfr# if n > 1 . 

As we shall see from the ma^r method in Section 4.5, recurrence (4.17) has the 
solution T(n) — 0(n 3 ). Thu^this simple divide-and-conquer approach is no 
faster than the straightforward Sqjj are-Matrix-Multiply procedure. 

Before we continue on to examhmig Strassen's algorithm, let us review where 
the components of equation (4.16) canie^from. Partitioning each n x n matrix by 
index calculation takes 0(1) time, but w^Tjave two matrices to partition. Although 
you could say that partitioning the two maffices takes 0(2) time, the constant of 2 
is subsumed by the 0-notation. Adding \wormatrices, each with, say, k entries, 
takes &(k) time. Since the matrices we adcTe&ch have n 2 /4 entries, you could 
say that adding each pair takes 0(« 2 /4) timeV^Again, however, the 0-notation 
subsumes the constant factor of 1/4, and we say^at adding two « 2 /4 x « 2 /4 
matrices takes 0(« 2 ) time. We have four such matrix additions, and once again, 
instead of saying that they take 0(4n 2 ) time, we sa£ that they take 0(« 2 ) time. 
(Of course, you might observe that we could say thatvtffe four matrix additions 
take 0(4n 2 /4) time, and that 4« 2 /4 = « 2 , but the poinfjaWe is that 0-notation 
subsumes constant factors, whatever they are.) Thus, we erffPup with two terms 
of &(n 2 ), which we can combine into one. 

When we account for the eight recursive calls, however, we cannot just sub- 
sume the constant factor of 8. In other words, we must say that together they take 
ST(n/ 2) time, rather than just T(n/2) time. You can get a feel for why by looking 
back at the recursion tree in Figure 2.5, for recurrence (2.1) (which is identical to 
recurrence (4.7)), with the recursive case T(n) = 2T(n/2) + 0(n). The factor of 2 
determined how many children each tree node had, which in turn determined how 
many terms contributed to the sum at each level of the tree. If we were to ignore 
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the factor of 8 in equation (4.16) or the factor of 2 in recurrence (4.1), the recursion 
tree would just be linear, rather than "bushy," and each level would contribute only 
one term to the sum. 

Bear in mind, therefore, that although asymptotic notation subsumes constant 
implicative factors, recursive notation such as T(n/2) does not. 

Stras^i's method 

The key^^Strassen's method is to make the recursion tree slightly less bushy. That 
is, insteadtof .performing eight recursive multiplications of n/2 x n/2 matrices, 
it performs Mly seven. The cost of eliminating one matrix multiplication will be 
several new additions of n/2 x n/2 matrices, but still only a constant number of 



additions. As bedScte, the constant number of matrix additions will be subsumed 
by 0-notation whdpwe set up the recurrence equation to characterize the running 
time. 

Strassen's method is(not at all obvious. (This might be the biggest understate- 
ment in this book.) It has(^)ur steps: 

1 . Divide the input matrice < H > A s and B and output matrix C into n/2xn/2 subma- 
trices, as in equation (4.9)Sihis step takes 0(1) time by index calculation, just 
as in Square-Matrix-MiAtiply-Recursive. 



2. Create 10 matrices Si, S 2 oio^each of which is n/2 x n/2 and is the sum 

or difference of two matrices createdJn step 1. We can create all 10 matrices in 
0(« 2 ) time. 

3. Using the submatrices created in step ^*id the 10 matrices created in step 2, 
recursively compute seven matrix product£\Pi, P 2 ,...,P 7 . Each matrix P t is 
n/2 x n/2. q 

4. Compute the desired submatrices C u , C i2 , C{^$C 22 of the result matrix C by 
adding and subtracting various combinations of Jhe P, matrices. We can com- 
pute all four submatrices in 0(« 2 ) time. 

We shall see the details of steps 2-4 in a moment, but-we already have enough 
information to set up a recurrence for the running time of Stff^sen's method. Let us 
assume that once the matrix size n gets down to 1, we perform a simple scalar mul- 
tiplication, just as in line 4 of Square-Matrix-Multiply-Recursive. When 
« > 1, steps 1, 2, and 4 take a total of 0(« 2 ) time, and step 3 requires us to per- 
form seven multiplications of n/2 x n/2 matrices. Hence, we obtain the following 
recurrence for the running time T(n) of Strassen's algorithm: 



0(1) \£n = \, 

lT(n/2) + 0(« 2 ) if n > 1 . 



T (n) = { _ , n , 2 . .„ . , ' (4.18) 
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We have traded off one matrix multiplication for a constant number of matrix ad- 
ditions. Once we understand recurrences and their solutions, we shall see that this 
•^fradeoff actually leads to a lower asymptotic running time. By the master method 
■ifnSection 4.5, recurrence (4.18) has the solution T{n) = @(« lg7 ). 

Mfe now proceed to describe the details. In step 2, we create the following 10 
mafr^e^: 



^\Y" - 22 , 

5 2 = vL+ A 12 , 

53 = A^'A 22 , 

54 = B 2 \ "y^ll , 

5 5 = A n + 4$, 

5 6 = B n + B 22 * 
= A 12 — A 22 ,\ 

S& = B 2 i + B 22 , v \ 

S 9 = A n -A 2l , 

S10 = Bn + B i2 ■ Q 

Since we must add or subtract n/£ xw/2 matrices 10 times, this step does indeed 
take @(« 2 ) time. tj 

In step 3, we recursively multiply Bj^xn / 2 matrices seven times to compute the 
following n /2 x n /2 matrices, each of ^@ch is the sum or difference of products 
of A and B submatrices: 

P 1 = A u -Si = A n -B u -A u B 22 }y± 

P 2 = S 2 - B 22 = A n ■ B 22 + A 12 ■ B 2 2 , Q 

P3 = S3 ■ Bn = A 2 i ■ B n + A 22 ■ B n , ^\ 

P4 = ^22 ■ S4 = A 2 2 ■ B 2 i — A 2 2 ■ Bn , , 

P5 = S 5 ■ S 6 = An ■ Bn + An ■ B 2 2 + ^22 ■ BiQ^A 22 • B 22 , 

P(, = Sj ■ Sg = A12 • B21 + A12 ■ B 2 2 — A22 ■ B21 — '^^28 ' ^22 - 

P-i = S 9 -Sio = An • Bn + An • B u — A 2 i • Bn — A%f • B i2 . 

Note that the only multiplications we need to perform are those in the middle col- 
umn of the above equations. The right-hand column just shows what these products 
equal in terms of the original submatrices created in step 1. 

Step 4 adds and subtracts the P, matrices created in step 3 to construct the four 
n /2 x n 1 2 submatrices of the product C . We start with 



Cn = P 5 + Pa-Pi + P 6 
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Expanding out the right-hand side, with the expansion of each P, on its own line 
and vertically aligning terms that cancel out, we see that Cy i equals 

^^11 -Bn +A n ■ B 22 + A 2 2 ■ B n + A 2 2 • B 22 

<r . — A 2 2 ■ B n + A 22 ■ B 2 i 

— An-B 2 2 —Ai 2 -B 2 2 
y/ — A 2 2 ■ B 2 2 — A 2 2 ■ B 2 i + Ai 2 - B 2 2 + Ai 2 - B 2 i 

-0: 



A n B{$ +A 12 -B 2 



which corsSspaids to equation (4.11). 
Similarly, we^J 
C 12 = Pr + P 2 t^ v 
and so C i2 equals v \» 
A\\ B12 — A n B 22 

+ A n ■ B 2 2 + Aq2sB 2 2 

rx^- 

An-Bu +A U B^, 

corresponding to equation (4. 12}. » 

Setting ^ \ 

C 21 = P 3 + P 4 o 

makes C 2 \ equal 

A2i- B n + A 2 2- B n 

— ^4 22 ■ B n + A 2 2 ■ B 2 \ q 

A21 Bn + A 22 -B 2X , 

corresponding to equation (4.13). 

Finally, we set O 



C22 — P5 + Pi — P3 — Pi , 
so that C 22 equals 



A\ \ ■ B u + An ■ B 22 + ^ 22 ■ Bn + A 22 ■ B 22 

— An B 22 + An -Bi2 

— A 2 2 m Bn — A 2 i Bn 

— An -Bn — An- B12 + A 2 i -Bn + A 2 i -Bi 2 



A 22 ■ B 2 2 



+ A 2 i -Bi 2 



Chapter 4 Divide-and-Conquer 



which corresponds to equation (4.14). Altogether, we add or subtract n/2 x n/2 
matrices eight times in step 4, and so this step indeed takes 0(n 2 ) time. 

Thus, we see that Strassen's algorithm, comprising steps 1-4, produces the cor- 
nea: matrix product and that recurrence (4.18) characterizes its running time. Since 
w^Jjiail see in Section 4.5 that this recurrence has the solution T(n) = ©(« lg7 ), 
Stras^seVs method is asymptotically faster than the straightforward SQUARE- 
MatrI/^tkMultiply procedure. The notes at the end of this chapter discuss some 
of the pra^tjcal aspects of Strassen's algorithm. 

Exercises y>' 




Note: Although t^jjcises 4.2-3, 4.2-4, and 4.2-5 are about valiants on Strassen's 
algorithm, you shoujrf^ead Section 4.5 before trying to solve them. 

4.2-1 „ 

Use Strassen's algorithmVto compute the matrix product 



o icoi 

('WD- % 

Show your work. • > 

^ > 

4.2-2 

l's algorithm 



Write pseudocode for Strassen's algorithfi^ 
4.2-3 \9V 

How would you modify Strassen's algorithmSomultiply n x n matrices in which n 
is not an exact power of 2? Show that the resutftnialgorithm runs in time 0(« lg7 ). 

4.2-4 

What is the largest k such that if you can multiply 3.x 3 matrices using k multi- 
plications (not assuming commutativity of multiplicatiqjni, then you can multiply 
n x n matrices in time o(« lg7 )? What would the running ti^ of this algorithm be? 

V. Pan has discovered a way of multiplying 68 x 68 matrices using 132,464 mul- 
tiplications, a way of multiplying 70 x 70 matrices using 143,640 multiplications, 
and a way of multiplying 72 x 72 matrices using 155,424 multiplications. Which 
method yields the best asymptotic running time when used in a divide-and-conquer 
matrix-multiplication algorithm? How does it compare to Strassen's algorithm? 
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^ 4.2-6 

% How quickly can you multiply aknxn matrix by an n xkn matrix, using Strassen's 
^\ algorithm as a subroutine? Answer the same question with the order of the input 
V'niatrices reversed. 

% 

ShowUiow to multiply the complex numbers a + bi and c + di using only three 
multiplications of real numbers. The algorithm should take a, b, c, and d as input 
and prosuKe the real component ac — bd and the imaginary component ad + be 
separately.^ , 

\ 

^ 

4.3 The substitution metho^for solving recurrences 

Now that we have seeq^fiow recurrences characterize the running times of divide- 
and-conquer algorithms, $e will learn how to solve recurrences. We start in this 
section with the "substituoorr\ method. 

The substitution method io^olving recurrences comprises two steps: 

1 . Guess the form of the solution, * 

2. Use mathematical induction to-«nd the constants and show that the solution 
works. X 

We substitute the guessed solution forum function when applying the inductive 
hypothesis to smaller values; hence the v »3me "substitution method." This method 
is powerful, but we must be able to guess therotm of the answer in order to apply it. 

We can use the substitution method to estami4h either upper or lower bounds on 
a recurrence. As an example, let us determine aS*-uwDer bound on the recurrence 

T(n) = 27 t (|m/2J) +n , (4.19) 

which is similar to recurrences (4.3) and (4.4). wQ uess that the solution is 
T(n) = 0(nlgn). The substitution method requires ©to prove that T(n) < 
cn lg n for an appropriate choice of the constant c > start by assuming 

that this bound holds for all positive m < n, in particular for m = [n/2\, yielding 
T([n/2\) < c \ji/2\ lg([«/2J). Substituting into the recurrence yields 

T{n) < 2{c\_n/2\\g{\_n/2\)) + n 



< 



< 



cn lg(n/2) + n 
cn lg n — cn lg 2 + n 
cn lg n — cn + n 
cn lg n , 
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where the last step holds as long as c > 1. 

Mathematical induction now requires us to show that our solution holds for the 
•^boundary conditions. Typically, we do so by showing that the boundary condi- 
■tiojis are suitable as base cases for the inductive proof. For the recurrence (4.19), 
wq-sjjust show that we can choose the constant c large enough so that the bound 
T{n)S% cnXgn works for the boundary conditions as well. This requirement 
can soiwetfimes lead to problems. Let us assume, for the sake of argument, that 
T(l) = Uk, the sole boundary condition of the recurrence. Then for n = 1, the 
bound TinLK cn Ign yields T(l) < cllg 1 = 0, which is at odds with T{\) = 1. 
Consequently toe base case of our inductive proof fails to hold. 

We can overcame this obstacle in proving an inductive hypothesis for a spe- 
cific boundary condition with only a little more effort. In the recurrence (4.19), 
for example, we ta#e advantage of asymptotic notation requiring us only to prove 
T(n) < cnlgn for\a >.n 0 , where n 0 is a constant that we get to choose. We 
keep the troublesome ^UJ adary condition T(l) = 1, but remove it from consid- 
eration in the inductive Rroof. We do so by first observing that for n > 3, the 
recurrence does not depend^directly on T(l). Thus, we can replace T(l) by T(2) 
and T(3) as the base cases iqme inductive proof, letting n 0 = 2. Note that we 
make a distinction between the(^se case of the recurrence (n = 1) and the base 
cases of the inductive proof (n =.2 and n = 3). With T(l) = 1, we derive from 
the recurrence that T(2) = 4 and 7?ra) = 5. Now we can complete the inductive 
proof that T(n) < cnlgn for some constant c > 1 by choosing c large enough 
so that T{2) < c21g2 and T(3) < c31^. As it turns out, any choice of c > 2 
suffices for the base cases of n = 2 and n ^3 to hold. For most of the recurrences 
we shall examine, it is straightforward to extemd boundary conditions to make the 
inductive assumption work for small n, and wesfeall not always explicitly work out 
the details. ' < <~\ 

c 

Making a good guess 

• 

Unfortunately, there is no general way to guess the correcTWutions to recurrences. 
Guessing a solution takes experience and, occasionally, (creativity. Fortunately, 
though, you can use some heuristics to help you become Y f?good guesser. You 
can also use recursion trees, which we shall see in Section 4.4, to generate good 
guesses. 

If a recurrence is similar to one you have seen before, then guessing a similar 
solution is reasonable. As an example, consider the recurrence 

T(n) = 2T([n/2\ + 17) + n , 

which looks difficult because of the added "17" in the argument to T on the right- 
hand side. Intuitively, however, this additional term cannot substantially affect the 



4.3 The substitution method for solving recurrences 



85 



solution to the recurrence. When n is large, the difference between \_n/2\ and 
\n/2\ + 17 is not that large: both cut n nearly evenly in half. Consequently, we 
\§\ make the guess that T(n) = 0(n lgn), which you can verify as correct by using 
/me substitution method (see Exercise 4.3-6). 

f>Another way to make a good guess is to prove loose upper and lower bounds on 
the/racurrence and then reduce the range of uncertainty. For example, we might 
staru *riJ:h a lower bound of T(n) = Q.{n) for the recurrence (4.19), since we 
have thgrterm n in the recurrence, and we can prove an initial upper bound of 
T(n) —J&ln 2 ). Then, we can gradually lower the upper bound and raise the 
lower bourfaJHitil we converge on the correct, asymptotically tight solution of 
T(n) = &(Mm)- 

Subtleties 

Sometimes you migi^ correctly guess an asymptotic bound on the solution of a 
recurrence, but somehq^the math fails to work out in the induction. The problem 
frequently turns out to b^Ahat the inductive assumption is not strong enough to 
prove the detailed bound. Tf^ou revise the guess by subtracting a lower-order term 
when you hit such a snag, the^afh often goes through. 
Consider the recurrence 

T(n) = T{\n/2\) + T(\n/2]) 

We guess that the solution is T(n) = (Mn), and we try to show that T(n) < cn for 
an appropriate choice of the constant c. /Substituting our guess in the recurrence, 
we obtain 

T(n) < c [n/2\ + c \n/2] + 1 ^ 
= cn + 1 , O 

which does not imply T(n) < cn for any choice of c. We might be tempted to try 
a larger guess, say T(n) = 0(n 2 ). Although we can make this larger guess work, 
our original guess of T(n) = 0(n) is correct. In ordbr Jo show that it is correct, 
however, we must make a stronger inductive hypothesis S-^a 

Intuitively, our guess is nearly right: we are off only^by the constant 1, a 
lower-order term. Nevertheless, mathematical induction does not work unless we 
prove the exact form of the inductive hypothesis. We overcome our difficulty 
by subtracting a lower-order term from our previous guess. Our new guess is 
T(n) < cn — d, where d > 0 is a constant. We now have 

T(n) < (c [n/2\ - d) + (c \n/2\ - d) + 1 
= cn — 2d + 1 
< cn — d , 
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as long as d > 1. As before, we must choose the constant c large enough to handle 
the boundary conditions. 
^\ You might find the idea of subtracting a lower-order term counterintuitive. Af- 
ten all, if the math does not work out, we should increase our guess, right? 
Mrt^jecessarily ! When proving an upper bound by induction, it may actually be 
more/mfficult to prove that a weaker upper bound holds, because in order to prove 
the wl£afrer bound, we must use the same weaker bound inductively in the proof. 
In our current example, when the recurrence has more than one recursive term, we 
get to subtract out the lower-order term of the proposed bound once per recursive 
term. In the^above example, we subtracted out the constant d twice, once for the 
T{\_n/2\) termaad once for the T(\n/2~\) term. We ended up with the inequality 
T(n) < cn — 2d*A-A, and it was easy to find values of d to make cn — 2d + 1 be 
less than or equal w c^ — d. 

Avoiding pitfalls 

It is easy to err in the us^pf asymptotic notation. For example, in the recur- 
rence (4.19) we can falsely '(f&ove" T{n) = 0{n) by guessing T(n) < cn and 
then arguing 

T(n) < 2{c\_n/2\) + n *2 

< cn + n / 
= 0(n) , wrong!: q 

since c is a constant. The error is that w^iave not proved the exact form of the 
inductive hypothesis, that is, that T(n) < ct^We therefore will explicitly prove 
that T(n) < cn when we want to show that T^1^)= 0{n). 

°* 

Changing variables 

Sometimes, a little algebraic manipulation can make an < a«known recurrence simi- 
lar to one you have seen before. As an example, consider- ^ recurrence 

7» = 2r(LV^J)+ig«, ^ 

which looks difficult. We can simplify this recurrence, though, with a change of 
variables. For convenience, we shall not worry about rounding off values, such 
as ^/n, to be integers. Renaming m = lg n yields 

T(2 m ) = 2T{2 m ' 2 ) + m . 

We can now rename S(m) = T(2 m ) to produce the new recurrence 
S(m) = 2S(m/2) + m , 
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which is very much like recurrence (4.19). Indeed, this new recurrence has the 
same solution: S(m) = 0(m Igm). Changing back from S(m) to T(n), we obtain 

\£(n) = T(2 m ) = S(m) = O(mlgm) = 0(lg«lglgw) . 

Excises 
4.3-1 0 

Show tha^^e solution of T(n) = T(n — 1) + n is 0(n 2 ). 
4.3-2 

Show that theWution of T(n) = T(\n/2]) + 1 is 0(lgn). 
4.3-3 

We saw that the solut^n of T(n) = 2T(\n/2\) + n is 0(n lg n). Show that the so- 
lution of this recurrences also £l(n Ign). Conclude that the solution is @(n Ign). 

4.3-4 

Show that by making a different inductive hypothesis, we can overcome the diffi- 
culty with the boundary condition T(l) = 1 for recurrence (4.19) without adjusting 
the boundary conditions for the tncjyfctive proof. 

4.3-5 

Show that @(n lg n) is the solution to t@ "exact" recurrence (4.3) for merge sort. 

Show tha, ,he solution «„ T(n) = 2r (L „/%7) + „ is Oin lg,„. 
4.3-7 O 

Using the master method in Section 4.5, you c£p show that the solution to the 
recurrence T(n) = 4T(n/3) + n is T(n) = &(n lo S 34 ). Show that a substitution 
proof with the assumption T(n) < cn log 3 4 fails. ThelQhow how to subtract off a 
lower-order term to make a substitution proof work. Q 

4.3-8 "9 

Using the master method in Section 4.5, you can show that the solution to the 
recurrence T(n) = 4T(n/2) + n 2 is T{n) = 0(« 2 ). Show that a substitution 
proof with the assumption T(n) < cn 2 fails. Then show how to subtract off a 
lower-order term to make a substitution proof work. 



4.3-6 
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4.3-9 

, Solve the recurrence T(n) = 3T(^/n) + logn by making a change of variables. 
•^Your solution should be asymptotically tight. Do not worry about whether values 



«^ integral. 



\ 

4.4 The recursio See" method for solving recurrences 

% 

Although ysu can use the substitution method to provide a succinct proof that 
a solution to a recurrence is correct, you might have trouble coming up with a 
good guess. Drawing out a recursion tree, as we did in our analysis of the merge 
sort recurrence in^eVtion 2.3.2, serves as a straightforward way to devise a good 
guess. In a recursuni tree, each node represents the cost of a single subproblem 
somewhere in the set ^recursive function invocations. We sum the costs within 
each level of the tree to(pbtain a set of per-level costs, and then we sum all the 
per-level costs to determinate total cost of all levels of the recursion. 

A recursion tree is best use(l1o generate a good guess, which you can then verify 
by the substitution method. Wr(&j) using a recursion tree to generate a good guess, 
you can often tolerate a small amount of "sloppiness," since you will be verifying 
your guess later on. If you are very^r^eful when drawing out a recursion tree and 
summing the costs, however, you canine a recursion tree as a direct proof of a 
solution to a recurrence. In this sectionr>we will use recursion trees to generate 
good guesses, and in Section 4.6, we wiitpse recursion trees directly to prove the 
theorem that forms the basis of the mastewfujthod. 

For example, let us see how a recursion trepLWOuld provide a good guess for 
the recurrence T(n) = 3T([n/4\) + &(n 2 ). Wp_start by focusing on finding an 
upper bound for the solution. Because we know tW^oors and ceilings usually do 
not matter when solving recurrences (here's an example of sloppiness that we can 
tolerate), we create a recursion tree for the recurrent T(n) = 3T(n/4) + cn 2 , 
having written out the implied constant coefficient c > 

Figure 4.5 shows how we derive the recursion tree for fjh = 37>/4) + cn . 
For convenience, we assume that n is an exact power of Vpmother example of 
tolerable sloppiness) so that all subproblem sizes are integers. Part (a) of the figure 
shows T(n), which we expand in part (b) into an equivalent tree representing the 
recurrence. The cn 2 term at the root represents the cost at the top level of recursion, 
and the three subtrees of the root represent the costs incurred by the subproblems 
of size n/4. Part (c) shows this process carried one step further by expanding each 
node with cost Tin /A) from part (b). The cost for each of the three children of the 
root is c(n/4) 2 . We continue expanding each node in the tree by breaking it into 
its constituent parts as determined by the recurrence. 
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Figure 4.5 Constructing a recursion tree for the recurrence T(n) = 3T(n/4) + en 2 . Part (a) 
shows T(n), which progressively expands in (b)-(d) to form the recursion tree. The fully expanded 
tree in part (d) has height log4 n (it has log4 n + 1 levels). 
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Because subproblem sizes decrease by a factor of 4 each time we go down one 
level, we eventually must reach a boundary condition. How far from the root do 
\jwe reach one? The subproblem size for a node at depth i is n/A' . Thus, the 
)problem size hits n = 1 when n/4' = 1 or, equivalently, when i = log 4 «. 

the tree has log 4 n + 1 levels (at depths 0, 1, 2, ... , log 4 n). 
?^<£we determine the cost at each level of the tree. Each level has three times 
morewnies than the level above, and so the number of nodes at depth i is 3'. 
Because sabproblem sizes reduce by a factor of 4 for each level we go down 
from the ropt each node at depth i, for i = 0, 1, 2, ... , log 4 n — 1, has a cost 
of c(«/4 , ) 2 . , <^Mu4tiplying, we see that the total cost over all nodes at depth i, for 
i = 0, l,2,X^k)g 4 « - 1, is 3 ! c(7j/4') 2 = (3/16)'' cm 2 . The bottom level, at 
depth log 4 «, ha*<$!° g4 " = n Xog4i nodes, each contributing cost T{\), for a total 
cost of « log4 3 r(l)>which is 0(« log4 3 ), since we assume that T{\) is a constant. 
Now we add up the cosJ:s over all levels to determine the cost for the entire tree: 

log 4 n- 



T{n) = cn 2 + ^ cn ^>^) cn2 + '--+ (j^j ^ cnl + ©(« loS43 ) 

log 4 /»-l . . , y\ 
(=0 ^ ' 



= (3/ j 6) _ 1 c» 2 + &^J 3 ) (by equation (A.5)) . 

This last formula looks somewhat mess^>Lintil we realize that we can again take 
advantage of small amounts of sloppiness^^ use an infinite decreasing geometric 
series as an upper bound. Backing up one $t^p and applying equation (A.6), we 
have 

Iog 4 n-l /os! Q 
( — ) cn 2 + 0(n log43 ) 
/=o ^ ' 



T(n) 



i — n v / 



< > ^77 ) cn 2 + 0(« log43 ) 
1 



cn 2 + @(« log43 ) 



1 - (3/16) 

= — cn 2 + 9(« log43 ) 
13 

= Oin 2 ). 

Thus, we have derived a guess of Tin) = Oin 2 ) for our original recurrence 
Tin) = 3r([«/4J) + 0(« 2 ). In this example, the coefficients of cn 2 form a 
decreasing geometric series and, by equation (A.6), the sum of these coefficients 
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Total: 0(n lg n) 



T(n/3) + T(2n/3) + cn. 



Figure 4.6 A recursiontjke for the recurrence T(ri) 

is bounded from above bj£}he constant 16/13. Since the root's contribution to the 
total cost is cn 2 , the root camributes a constant fraction of the total cost. In other 



words, the cost of the root dorS^nates the total cost of the tree. 

In fact, if 0(n 2 ) is indeed an upper bound for the recurrence (as we shall verify in 
a moment), then it must be a tightjbmind. Why? The first recursive call contributes 
a cost of &(n 2 ), and so Q(n 2 ) musYbe^ lower bound for the recurrence. 

Now we can use the substitution ^Hiethod to verify that our guess was cor- 
rect, that is, T(n) = 0(n 2 ) is an 
3T([n/4\) + 0(« 2 ). We want to show 
Using the same constant c > 0 as before, 



r bound for the recurrence T{n) = 
in) < dn 2 for some constant d > 0. 
ve 



T(n) 



< 



3T([n/4\) + cn 2 

3d [n/4\ 2 + cn 2 

3d{n/A) 2 + cn 2 
3 

— dn 2 + cn 2 
16 

dn 2 , 




O 



where the last step holds as long as d > (16/13)c. 

In another, more intricate, example, Figure 4.6 shows the recursion tree for 

T(n) = T(n/3) + T(2n/3) + 0(n) . 

(Again, we omit floor and ceiling functions for simplicity.) As before, we let c 
represent the constant factor in the O(n) term. When we add the values across the 
levels of the recursion tree shown in the figure, we get a value of cn for every level. 
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The longest simple path from the root to a leaf is n — >■ (2/3)n — »■ (2/3) 2 « — > 
• 1. Since (2/3) k n = 1 when /: = log 3/2 «, the height of the tree is log 3 / 2 n. 

Intuitively, we expect the solution to the recurrence to be at most the number 
•eylevels times the cost of each level, or 0(cn log 3 / 2 n) = 0(n lg n). Figure 4.6 
sne^s only the top levels of the recursion tree, however, and not every level in the 
tree <xmtributes a cost of cn. Consider the cost of the leaves. If this recursion tree 
were &/tfsmplete binary tree of height log 3 / 2 n, there would be 2 log3 / 2 " = « log 3/2 2 
leaves, ^jwe the cost of each leaf is a constant, the total cost of all leaves would 
then be ©u*i? g3 / 22 ) which, since log 3 / 2 2 is a constant strictly greater than 1, 
is a)(n lgn)x This recursion tree is not a complete binary tree, however, and so 
it has fewer tKani« log3 /2 2 leaves. Moreover, as we go down from the root, more 
and more internarnodes are absent. Consequently, levels toward the bottom of the 
recursion tree contHbute less than cn to the total cost. We could work out an accu- 
rate accounting of alCcost^, but remember that we are just trying to come up with a 
guess to use in the su b\fitu lion method. Let us tolerate the sloppiness and attempt 
to show that a guess of Oyw Jg n ) for the upper bound is correct. 

Indeed, we can use the substitution method to verify that 0(n \gn) is an upper 
bound for the solution to the xfcWrence. We show that T{n) < dn\g n, where d is 
a suitable positive constant. We(^)ive 

T(n) < T(n/3) + T(2n/3)+*cX 

< d(n /3) lg(« /3) + d(2nj^(2n /3) + cn 
= (d(n/3)\gn-d(n/3)\g^Q 

+ (d(2n/3)\gn - d(2«X|)Jg(3/2)) + cn 
= dn\gn- d{(n/3) lg 3 + (2«/3)^3/2)) + cn 
= dn lg n - d((n /3) lg 3 + (2n /3) rg^X (2n /3) lg 2) + cn 
= d n lg n — dn (lg 3 — 2/3) + cn 

< dn \gn , 

as long as d > c/(lg 3 — (2/3)). Thus, we did not need (^perform a more accurate 
accounting of costs in the recursion tree. Q 

Exercises 
4.4-1 

Use a recursion tree to determine a good asymptotic upper bound on the recurrence 
Tin) = 3T([n/2\) + n. Use the substitution method to verify your answer. 

4.4-2 

Use a recursion tree to determine a good asymptotic upper bound on the recurrence 
T(n) = T{n 12) + n 2 . Use the substitution method to verify your answer. 
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^ 4.4-3 

, Use a recursion tree to determine a good asymptotic upper bound on the recurrence 
^\ T(n) — 4T(n/2 + 2) + n. Use the substitution method to verify your answer. 

fe^r recursion tree to determine a good asymptotic upper bound on the recurrence 
T(ny^ 2T(n — 1) + 1. Use the substitution method to verify your answer. 

4.4-5 ft 

Use a rectiraon tree to determine a good asymptotic upper bound on the recurrence 
T(n) = T{v^- 1) + T(n /2) + n. Use the substitution method to verify your answer. 

4.4-6 ^ 

Argue that the solution to the recurrence T(n) = T(n/3) + T(2n/3) + cn, where c 
is a constant, is £2(h l^n) by appealing to a recursion tree. 

4.4-7 <* 

Draw the recursion tree y^Tin) — 4T([n/2\) + cn, where c is a constant, and 
provide a tight asymptotic l^pund on its solution. Verify your bound by the substi- 
tution method. 



4.4-8 



Use a recursion tree to give an asvrjaptotically tight solution to the recurrence 
T(n) = T(n — a) + T(a) + cn, wher^a > 1 and c > 0 are constants. 



4.4-9 vP* 

Use a recursion tree to give an asympto&S^lUy tight solution to the recurrence 
T(n) = T(an) + T((l — a)n) + cn, wherexdCji a constant in the range 0 < a < 1 
and c > 0 is also a constant. O 

4.5 The master method for solving recurrences ^-q 

The master method provides a "cookbook" method for sorting recurrences of the 
form 

T{n) = aT(n/b) + f(n) , (4.20) 

where a > 1 and b > 1 are constants and f{n) is an asymptotically positive 
function. To use the master method, you will need to memorize three cases, but 
then you will be able to solve many recurrences quite easily, often without pencil 
and paper. 
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The recurrence (4.20) describes the running time of an algorithm that divides a 
problem of size n into a subproblems, each of size n/b, where a and b are positive 
•^Jtonstants. The a subproblems are solved recursively, each in time T(n/b). The 
■ftmction f(n) encompasses the cost of dividing the problem and combining the 
re^ufts of the subproblems. For example, the recurrence arising from Strassen's 
algoj^mm has a = 7, b = 2, and f(n) — &(n 2 ). 

As atmtter of technical correctness, the recurrence is not actually well defined, 
because rM might not be an integer. Replacing each of the a terms T(n/b) with 



either T(\rilii\) or T(\n/b~\) will not affect the asymptotic behavior of the recur- 
rence, howeVei\*(We will prove this assertion in the next section.) We normally 
find it convenient therefore, to omit the floor and ceiling functions when writing 
divide-and-conqneVjecurrences of this form. 

The master theorem^* 

The master method depe(ic& on the following theorem. 
Theorem 4.1 (Master theorem^. 

Let a > 1 and b > 1 be constarfftv, let / (n) be a function, and let T(n) be defined 
on the nonnegative integers by the^ recurrence 

T(n) = aT(n/b) + f(n) , <5 v 

where we interpret n/b to mean either 1^7^ J or \n/b~\. Then T(n) has the follow- 
ing asymptotic bounds: 

1. If f(n) = 0(n l °zb a -*) for some constanfv^V 0, then T(n) = ®(n Xo ^ a ). 

2. If f{n) = 0(« lo s* a ), then T(n) = &(n lo ^^%4^. 

3. If f(n) = ^(« log * a+e ) for some constant e > O^and if af (n/b) < cf(n) for 
some constant c < 1 and all sufficiently large n, then T(n) = ©(/(«)). ■ 

Before applying the master theorem to some exampleOet's spend a moment 
trying to understand what it says. In each of the three cltsps, we compare the 
function f(n) with the function n l ° Sba . Intuitively, the larger of the two functions 
determines the solution to the recurrence. If, as in case 1, the function n loSl > a is the 
larger, then the solution is T(n) = &(n l ° Sba ). If, as in case 3, the function f(n) 
is the larger, then the solution is T(n) = &(f(n)). If, as in case 2, the two func- 
tions are the same size, we multiply by a logarithmic factor, and the solution is 
T(n) = 0(n log * a lgw) = e(/(n)lgn). 

Beyond this intuition, you need to be aware of some technicalities. In the first 
case, not only must fin) be smaller than n loSh ", it must be polynomially smaller. 
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That is, / («) must be asymptotically smaller than n logb a by a factor of n € for some 
constant e > 0. In the third case, not only must f{n) be larger than n lo ° ha , it also 
\§\ must be polynomially larger and in addition satisfy the "regularity" condition that 
)f{n /b) < cf{n). This condition is satisfied by most of the polynomially bounded 
factions that we shall encounter. 

£ra:e that the three cases do not cover all the possibilities for f{n). There is 
a gap^etween cases 1 and 2 when f(n) is smaller than n logba but not polynomi- 
ally smaHer. Similarly, there is a gap between cases 2 and 3 when / (n) is larger 
than « lo k»^4jut not polynomially larger. If the function / («) falls into one of these 
gaps, or if tneyegularity condition in case 3 fails to hold, you cannot use the master 
method to solv^the recurrence. 

Using the maste^lr^jsethod 

To use the master m^tfiod, we simply determine which case (if any) of the master 
theorem applies and w <fte down the answer. 
As a first example, consider 

T(n) = 9T(n/3) + n. <^ 

For this recurrence, we have a u = 9, b = 3, /(«) = n, and thus we have that 
n \ ogb a = n io g3 9 = 0(w 2) Since ^ = o{n Xo ^ 9 - e ), where e = 1, we can apply 

case 1 of the master theorem and coric&de that the solution is T(n) = &(n 2 ). 
Now consider q 

T(n) = T(2n/3) + 1, Q 

in which a = 1, b = 3/2, f(n) = 1, anct^g* 0 = n lo S3/2i = n ° = \_ Case 2 
applies, since f{n) = @(« log * a ) = 0(1), andjikus the solution to the recurrence 
isT(n) = 6(lgn). U * 
For the recurrence ^ 

T(n) = 37>/4) +«lg« , * Q, 

we have a = 3, b = 4, f(n) = nlgn, and « lo s*<Oy « log43 = 0(n°- 193 ). 
Since f(n) = Q(n l ° S43+€ ), where e m 0.2, case 3 appli^sHf we can show that 
the regularity condition holds for /(«). For sufficiently large n, we have that 
af(n/b) = 3(«/4)lg(«/4) < (3/4)/i lg « = c/(«)forc = 3/4. Consequently, 
by case 3, the solution to the recurrence is T(n) = &(n Ign). 
The master method does not apply to the recurrence 

T(n) = IT {nil) + nlgn , 

even though it appears to have the proper form: a = 2, b = 2, f(n) = nlgn, 
and n loSb " = n. You might mistakenly think that case 3 should apply, since 
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/(ft) = nlgn is asymptotically larger than n lo ° h " = n. The problem is that it 
is not polynomially larger. The ratio f(n)/n logba = (n\gn)/n = lgn is asymp- 
totically less than n € for any positive constant e. Consequently, the recurrence falls 
ftup the gap between case 2 and case 3. (See Exercise 4.6-2 for a solution.) 

fc&'s use the master method to solve the recurrences we saw in Sections 4.1 
and 4^ Recurrence (4.7), 

T(n) =®X( 

ft/2) + 0(«) , 

characteriz^sHhe running times of the divide-and-conquer algorithm for both the 
maximum-subijifay problem and merge sort. (As is our practice, we omit stating 
the base case lh^the recurrence.) Here, we have a = 2, b = 2, / («) = 0(ft), and 
thus we have thalTftr^*" = n log 2 2 = n. Case 2 applies, since /(ft) = ©(ft), and so 
we have the solution .^(ft) = ®(n lgft). 
Recurrence (4.17)> \* 

T{n) = 87/(«/2) + ®(n$, 

describes the running time^^the first divide-and-conquer algorithm that we saw 
for matrix multiplication. New-Ave have a = 8, b = 2, and /(«) = 0(n 2 ), 
and so n loSba = n l ° S2& = ft 3 . Since « 3 is polynomially larger than /(ft) (that is, 
fin) = 0(ft 3_e ) for e = 1), case*l agtolies, and Tin) = 0(« 3 ). 
Finally, consider recurrence (4.18%^ \ 

Tin) = 7T(ft/2) + 0(ft 2 ) , Q 



which describes the running time of Strasserfs algorithm. Here, we have a = 7, 
b = 2, fin) = 0(« 2 ), and thus n l ° s " a =X)fa& 7 . Rewriting log 2 7 as lg 7 and 
recalling that 2.80 < lg 7 < 2.81, we see tidufin) = Oin ls7 ~ e ) for e = 0.8. 
Again, case 1 applies, and we have the solution a0)^ = 0(n lg7 ). 

Exercises • 

o 

4.5-1 Q 

Use the master method to give tight asymptotic bounds foOhe following recur- 
rences. 

a. Tin) = 27(ft/4) + 1. 

b. Tin) = 27/(ft/4) + y/E. 

c. Tin) = IT in I A) + n. 

d. Tin) = 2T(n/A) + n 2 . 
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^ 4.5-2 

, Professor Caesar wishes to develop a matrix-multiplication algorithm that is 
^\ asymptotically faster than Strassen's algorithm. His algorithm will use the divide- 
y'^id-conquer method, dividing each matrix into pieces of size n/4 x n/4, and the 
l! ~^jde and combine steps together will take 0(« 2 ) time. He needs to determine 



ho^many subproblems his algorithm has to create in order to beat Strassen's algo- 
rithm^rkf his algorithm creates a subproblems, then the recurrence for the running 
time becomes T(n) = aT(n/4) + 0(n 2 ). What is the largest integer value 
of a for-which Professor Caesar's algorithm would be asymptotically faster than 
Strassen's ^pwithm? 

4.5-3 

Use the master trjkhod to show that the solution to the binary-search recurrence 
T(n) = T(n/2) 4^0(1) is T(n) = 0(lg«). (See Exercise 2.3-5 for a description 
of binary search.) 

4.5-4 ^> 

Can the master method beapplied to the recurrence Tin) = 4T(n/2) + n 2 lg«? 
Why or why not? Give an asymptotic upper bound for this recurrence. 

4.5-5 * •> 

Consider the regularity conditiorO/(n/&) < cf(n) for some constant c < 1, 
which is pail of case 3 of the master^heorem. Give an example of constants a > 1 
and b > 1 and a function f(n) that@isfies all the conditions in case 3 of the 
master theorem except the regularity cor^piion. 



★ 4.6 Proof of the master theorem ^\ 

This section contains a proof of the master theorem (^Theorem 4.1). You do not 
need to understand the proof in order to apply the maste^Tfaeorem. 

The proof appears in two parts. The first part anak^tes the master recur- 
rence (4.20), under the simplifying assumption that T(n) \s defined only on ex- 
act powers of b > 1, that is, for n = l,b, b 2 , . . .. This part gives all the intuition 
needed to understand why the master theorem is true. The second part shows how 
to extend the analysis to all positive integers n ; it applies mathematical technique 
to the problem of handling floors and ceilings. 

In this section, we shall sometimes abuse our asymptotic notation slightly by 
using it to describe the behavior of functions that are defined only over exact 
powers of b. Recall that the definitions of asymptotic notations require that 
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bounds be proved for all sufficiently large numbers, not just those that are pow- 
ers of b. Since we could make new asymptotic notations that apply only to the set 
\^b\ : / = 0, 1, 2, . . .}, instead of to the nonnegative numbers, this abuse is minor. 
v^Jevertheless, we must always be on guard when we use asymptotic notation over 
a felted domain lest we draw improper conclusions. For example, proving that 
T(ny^ 0{n) when n is an exact power of 2 does not guarantee that T(n) = 0(n). 
The finji^ion T{n) could be defined as 



T{n) 



0i if n = 1,2,4,8,... , 
^ «v^oJherwise , 

in which case the^Jjest upper bound that applies to all values of n is T(n) = 0(n 2 ). 
Because of this sor^jijf drastic consequence, we shall never use asymptotic notation 
over a limited doma^ftvifhout making it absolutely clear from the context that we 
are doing so. N >' 

<* 

4.6.1 The proof for exaqPpowers 

A 

The first part of the proof of me master theorem analyzes the recurrence (4.20) 
T(n) = aT{n/b) + f{n) , \ 

for the master method, under the a^sj)mption that n is an exact power of b > 1, 
where b need not be an integer. We br^aK the analysis into three lemmas. The first 
reduces the problem of solving the mast|r)"ecurrence to the problem of evaluating 
an expression that contains a summation. (Tfre second determines bounds on this 
summation. The third lemma puts the firsft^> together to prove a version of the 
master theorem for the case in which n is an power of b. 

Lemma 4.2 

Let a > 1 and b > 1 be constants, and let / («) be a nonnegative function defined 
on exact powers of b. Define T(n) on exact powers of Z^bv the recurrence 

(®(i) if n = i, n 

\aT(n/b) + f(n) if n=b i , vj> 
where i is a positive integer. Then 

logj n-1 

T(n) = @(n loSba ) + a j f{n/b j ). (4.21) 



T(n) 



Proof We use the recursion tree in Figure 4.7. The root of the tree has cost / (n), 
and it has a children, each with cost f(n/b). (It is convenient to think of a as being 
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logi n 
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/(") 



af{n/b) 



a 2 f(n/b 2 ) 



logf.n-1 

Total: 0(« log * a ) + J2 a J f{n/b J ) 
7=0 



Figure 4.7 The recursion tree generated hy^\n ) = aT(n/b) + f(n). The tree is a complete a-ary 
tree with n^° Sb a leaves and height log^ n. The^Etyt of the nodes at each depth is shown at the right, 
and their sum is given in equation (4.21). 

an integer, especially when visualizing the rec*fesion tree, but the mathematics does 
not require it.) Each of these children has a cnutken, making a 2 nodes at depth 2, 
and each of the a children has cost /(n/& 2 ). in>general, there are a' nodes at 
depth j , and each has cost f(n/b j ). The cost oreach leaf is T(l) = 0(1), and 
each leaf is at depth log fc «, since n/b l ° Sb " = 1. Trfere^are a l ° Bh " = n l ° Bha leaves 
in the tree. ^ 

We can obtain equation (4.21) by summing the costs ©fAhe nodes at each depth 
in the tree, as shown in the figure. The cost for all intern^ nodes at depth j is 
a j f(n/b'), and so the total cost of all internal nodes is 

log b n-l 

£ a'f(n/b'). 

j=0 



In the underlying divide-and-conquer algorithm, this sum represents the costs of 
dividing problems into subproblems and then recombining the subproblems. The 
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cost of all the leaves, which is the cost of doing all n loSha subproblems of size 1, 
is0(w log * a ). ■ 

y^Hn terms of the recursion tree, the three cases of the master theorem correspond 
td'xapes in which the total cost of the tree is (1) dominated by the costs in the 
leav^sf^(2) evenly distributed among the levels of the tree, or (3) dominated by the 
cost Oflhe root. 

The summation in equation (4.21) describes the cost of the dividing and com- 
bining stepVm the underlying divide-and-conquer algorithm. The next lemma pro- 
vides asymptotic, bounds on the summation's growth. 

Lemma 4.3 \) 

Let a > 1 and b i^be constants, and let / («) be a nonnegative function defined 
on exact powers of function g(n) defined over exact powers of b by 

lo gjb «-l ^ x 

£(»)= V alfinjbQ (4.22) 

<> 

has the following asymptotic Bounds for exact powers of b: 

1. If f(n) = 0(n los b a - e ) for some constant e > 0, then g(n) = 0(« los * a ). 

2. If f(n) = 0(« lo s* a ), then g(«)1^)8| 

'fl l °Sb a \an). 

3. If af(n/b) < cf(n) for some cormant c < 1 and for all sufficiently large n, 
then g(n) = ®(f(n)). O 

Proof For case 1, we have f(n) = 0(« log "~5*J, which implies that f(n/b') = 
0((n/b J ) loSba ~ € ). Substituting into equation Yk&k yields 



f**^ 1 , nV o, b a- e \ A 

■ 



<bJ 

y=0 



(4.23) 



o 

We bound the summation within the O -notation by factorial*) out terms and simpli- 
fying, which leaves an increasing geometric series: 

log 6 n-l log^n-l , ,e \ j 

•r-^ . in xiog^a-e , v-^ / ab € V 

a > ( — ) = n logha - e > 

\bi ' ^— ' \b l °°b a I 



j=0 j=0 

\og b n-l 

7=0 

log* a-e 



n 



/ l °Sb " — 1 \ 

{ b*-l ) 
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n \og b a-t 



b*-\ 



^■^ifince b and e are constants, we can rewrite the last expression as « log * a e O(n e ) = 
vO(m 1os * a ). Substituting this expression for the summation in equation (4.23) yields 



thereby^BTOving case 1 . 

Becatss^case 2 assumes that f(n) = &(n loSba ), we have that f(n/b J ) = 
®((n/b j y$>"\ Substituting into equation (4.22) yields 

s( " ) = 0 {°§^(^r°)' (4 ' 24) 

We bound the summi^n within the 0 -notation as in case 1 , but this time we do not 
obtain a geometric seri^ Instead, we discover that every term of the summation 
is the same: 

Iog 6 n-l logjn-l 
j=0 - j^fO 




i=oQ 

Substituting this expression for the summai^fcjn equation (4.24) yields 

g{n) = 0(« lo ^log,«) O 

= 0(« log * a lg«) , O 

• 

proving case 2. s~\ 

We prove case 3 similarly. Since f(n) appears in th^-definition (4.22) of g(n) 
and all terms of g{n) are nonnegative, we can conclude tfefbg(«) = £l(f(n)) for 
exact powers of b. We assume in the statement of the lemma<fhat af(n/b) < cf(n) 
for some constant c < 1 and all sufficiently large n. We rewrite this assumption 
as f{n/b) < (c/a)f(n) and iterate j times, yielding f(n/b J ) < {c/a) J f{n) or, 
equivalently, a j f{n/b j ) < c j fin), where we assume that the values we iterate 
on are sufficiently large. Since the last, and smallest, such value is n/b j ~ l , it is 
enough to assume that n/b j ~ l is sufficiently large. 

Substituting into equation (4.22) and simplifying yields a geometric series, but 
unlike the series in case 1, this one has decreasing terms. We use an 0(1) term to 
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capture the terms that are not covered by our assumption that n is sufficiently large: 



, n— 1 



7=0 
Iog s n-l 

£ cV(«) + o(i) 
= o(/("))C 

since c is a constant. Tmis^ve can conclude that = ©(/ («)) for exact powers 
of With case 3 proved^th^proof of the lemma is complete. ■ 

We can now prove a versio'sof the master theorem for the case in which n is an 
exact power of b. \y 

Lemma 4.4 ^ 

Let a > 1 and b > 1 be constants, amulet / (n) be a nonnegative function defined 
on exact powers of b. Define T(n) on ex^t powers of b by the recurrence 

7»=j 0(1) = 

(ar(n/Z0 + /(«) if* = 6' , ^ 

where i is a positive integer. Then T{n) has theQlowing asymptotic bounds for 
exact powers of b: v. 

1. If fin) = 0(n los " a - e ) for some constant e > 0, the^T5(«) = 9(« log * a ). 

2. If f{n) = @in l °sb a ), then T(n) = 9(« log * a lgn). 0> 

3. If /(n) = ^(M los * a+f ) for some constant e > 0, and if ttf(n/b) < c/(«) for 
some constant c < 1 and all sufficiently large n, then Tin) = ©(/(«)). 



Proof We use the bounds in Lemma 4.3 to evaluate the summation (4.21) from 
Lemma 4.2. For case 1, we have 

Tin) = 9(« los * a ) + Oin loSba ) 
= 6(« los * a ), 
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and for case 2, 

T(n) = &(n loSha ) + 9(« los * a lgn) 
case 3, 

e(« l0 ^ a ) + ©(/(#»)) 
$ ©(/(*)), 

because j$) = ^(« log * a+6 ). ■ 
4.6.2 Floorsfend ceilings 

To complete the pc<3«f of the master theorem, we must now extend our analysis to 
the situation in whiqtpffoors and ceilings appear in the master recurrence, so that 
the recurrence is definetP^or all integers, not for just exact powers of b. Obtaining 
a lower bound on 

Tin) = aT(\n/b\) + f(n£ (4.25) 
and an upper bound on 

7(/2) = aT([n/b\) + f(n) <5 * ( 4 - 26 ) 

is routine, since we can push througn the bound \n/b~\ > n/b in the first case to 
yield the desired result, and we can pusn_through the bound [n /b\ < n/b in the 
second case. We use much the same techokrae to lower-bound the recurrence (4.26) 
as to upper-bound the recurrence (4.25), aod»so we shall present only this latter 
bound. , <0 

We modify the recursion tree of Figure 4.7 t<£pYoduce the recursion tree in Fig- 
ure 4.8. As we go down in the recursion tree, w^obtain a sequence of recursive 
invocations on the arguments • 

\n/b] , 

\\n/b] /b] , / 
\\\n/b]/b]/b] , 



Let us denote the j th element in the sequence by iij , where 

in if = 0 , 

* ; ' " Inj-i/f] if 7 >0. 



(4.27) 
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f(n 2 ) f(n 2 ) - f(n 2 ) f(n 2 ) f(n 2 ) - /(» 2 ) 



/(«) 



af(ii) 



a 2 f(n 2 ) 



ay a 



ay J ay J a 



Y 0(1) 0(1) 0(1) 0(1) 0(1) 0(1)1118(1) 0(1) 0(1) ••■ 0(1) 0(1) 0(1) ...iii.. @(n lo ^ a ) 




Total: 0(;i log * a ) + ^ a 7 '/(«/) 



: recursive argument /!y 



Figure 4.8 The recursion tree generated by = aT(\n /b] ) + f (n). The 
is given by equation (4.27). 

A, 

Our first goal is to determine the depth k s«pi that is a constant. Using the 
inequality \x\ < x + 1, we obtain 



"o 


< 


n , 


"l 


< 


n 


"2 


< 


« i . 


«3 


< 


« 1 1 
^ + ^ + ^ + 1 



o 



In general, we have 
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H £ 1 

v N < - + T- 

Yes » b 

Letting J'^A [log^ « J , we obtain 
y*' ra 6 

< X H 

£log^l — 1 

= ~r7/b + K-J 

- b + ^\ 

= 0(1), 0 

and thus we see that at depth Llogf^Cj , the problem size is at most a constant. 
From Figure 4.8, we see that 

Llog*nJ-l O 

T(n) = ®(n lo ^ a )+ aJ f("j)& ( 4 - 28 ) 

which is much the same as equation (4.21), Except that n is an arbitrary integer and 
not restricted to be an exact power of b. 
We can now evaluate the summation 

Llog*nJ-l 

g(n)= aj f^i) ^\ ( 4 - 29 ) 

from equation (4.28) in a manner analogous to the proof of Lemma 4.3. Beginning 
with case 3, if af (\n/b~\) < cf(n) for n > b+b/(b—Y), where c < 1 is a constant, 
then it follows that a j /(«_,•) < c j f(n). Therefore, we can evaluate the sum in 
equation (4.29) just as in Lemma 4.3. For case 2, we have / (n) = &(n l ° Bh a ). If we 
can show that /(«,•) = 0(n l ° SbU /a J ) = 0((n/b J ) l ° Sba ), then the proof for case 2 
of Lemma 4.3 will go through. Observe that j < [log* raj implies b J /n < 1. The 
bound f(n)= 0(n loSba ) implies that there exists a constant c > 0 such that for all 
sufficiently large nj , 
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. n b ^° Sba 
W ~ C ^bJ + — 1 



logft a 



log* a 



< 



= o 



b-l 



since c (1 + b/(b — ^J) log * a is a constant. Thus, we have proved case 2. The proof 
of case 1 is almost identical. The key is to prove the bound /(«/) = 0(n l ° Bt > a ~ € ), 
which is similar to the c^&esponding proof of case 2, though the algebra is more 
intricate. ^\ 

We have now proved the u»per bounds in the master theorem for all integers n. 
The proof of the lower bounds ^imilar. 

Exercises 
4.6-1 * 

Give a simple and exact expression for «yjnequation (4.27) for the case in which b 
is a positive integer instead of an arbitraryje&l number. 

^> 

4.6-2 * 

Show that if f(n) = ®(n l ° Sh a lg «), where & > (O^then the master recurrence has 
solution T(n) = ®(n loSt > a lg k+1 n). For simplicity^&mfine your analysis to exact 
powers of b. 

4.6-3 * 0_ 

Show that case 3 of the master theorem is overstated, in thesejase that the regularity 
condition af(n/b) < cf{n) for some constant c < 1 imphp^ that there exists a 
constant e > 0 such that /(«) = ^(/i los * a+f ). 
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-h. 

Problen^s 

Recurrence examples 
(§\j^easymptotic upper and lower bounds for T{n) in each of the following recur- 
rent^. Assume that T(n) is constant for n < 2. Make your bounds as tight as 
possi^, and justify your answers. 

a. T(ny=&T(n/2) + n 4 . 

b. T(n) = N ^J«/10) + n. 

c. T{n) = 167XSV4) + n 2 . 



2 



d. T{n) = lT(n/\}'n 

e. T(n) = lT{n/2) hNA 

/. Tin) = 2T(n/4) + jk?^ 

g. T{n) = T{n-2) + n 2 . . 

4-2 Parameter-passing costs \ 

Throughout this book, we assume fhaQ^arameter passing during procedure calls 
takes constant time, even if an A^-eleme^)array is being passed. This assumption 
is valid in most systems because a pointer to^he array is passed, not the array itself. 
This problem examines the implications of parameter-passing strategies: 

1. An array is passed by pointer. Time = ®(l£^ 

2. An array is passed by copying. Time = &(N), where N is the size of the array. 

3. An array is passed by copying only the subrange tl(^ab. might be accessed by the 
called procedure. Time = <d(q — p + 1) if the subai^ra)' A[p . . q] is passed. 

a. Consider the recursive binary search algorithm for finding 5 a number in a sorted 
array (see Exercise 2.3-5). Give recurrences for the worst-case running times 
of binary search when arrays are passed using each of the three methods above, 
and give good upper bounds on the solutions of the recurrences. Let TV be the 
size of the original problem and n be the size of a subproblem. 



b. 



Redo part (a) for the Merge-Sort algorithm from Section 2.3.1. 
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4-3 More recurrence examples 

Give asymptotic upper and lower bounds for T(n) in each of the following recur- 
rences. Assume that T(n) is constant for sufficiently small n. Make your bounds 
■alight as possible, and justify your answers. 



a.Sjta) = 47>/3) + n\gn. 



c. T(n 

d. Tin 

e. T(n 
f- T{n 

g. Tin 

h. Tin 

i. Tin 
j. Tin 



=*pin/2) + n 2 ^/h: 
2)+n/2. 



:r(/i#Un/lgn. 



Tin/2) +T(jj/4) + Tin/%) + n. 
Tin - 1) + l/^> 
r(n-l) + lgn.^ 
r(n-2) + l/lg«. *^ 
yfnTijn) + «. \^ 

o 

4-4 Fibonacci numbers 

This problem develops properties of the FMwuicci numbers, which are defined 
by recurrence (3.22). We shall use the technkj© of generating functions to solve 
the Fibonacci recurrence. Define the generatinQunction (or formal power se- 
ries) !F as 



= 0 + z + Z 2 + 2z 3 + 3z 4 + 5z 5 + Sz 6 + 13z 7y ^?21z 8 + 
where F, is the i th Fibonacci number. 

a. Show that 3?(z) = z + + z 2 5"(z). 
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b. Show that 



> 1-z-z 2 



(l-cpzKl-fc) 



1 / 1 



0 = 

where^ 

cj) = —£A = 1.61803... 



1 - 



and 

- 1 - 75 \>' 

4> = — - — = -0^803... . 

c. Show that 

</. Use part (c) to prove that F t = (f> for i > 0, rounded to the nearest integer, 
(flmf: Observe that \(j>\ < 1.) ^-V>. 

4-5 Chip testing 

ticaru 



Professor Diogenes has n supposedly identicarptegrated-circuit chips that in prin- 
ciple are capable of testing each other. The professor's test jig accommodates two 
chips at a time. When the jig is loaded, each chip tests the other and reports whether 
it is good or bad. A good chip always reports accurately whether the other chip is 
good or bad, but the professor cannot trust the answer WVbad chip. Thus, the four 
possible outcomes of a test are as follows: S^-S 

Chip A says Chip B says Conclusion < 
B is good A is good both are good, or both are bad 
B is good A is bad at least one is bad 
B is bad A is good at least one is bad 
B is bad A is bad at least one is bad 

a. Show that if more than n/2 chips are bad, the professor cannot necessarily de- 
termine which chips are good using any strategy based on this kind of pairwise 
test. Assume that the bad chips can conspire to fool the professor. 
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b. Consider the problem of finding a single good chip from among n chips, as- 
suming that more than n/2 of the chips are good. Show that [n/2\ pairwise 
^\ tests are sufficient to reduce the problem to one of nearly half the size. 

^ow that the good chips can be identified with 0(«) pairwise tests, assuming 
*more than n/2 of the chips are good. Give and solve the recurrence that 
S^ibes the number of tests. 

4-6 MohetNi trays 

An m x n a¥ray>'A of real numbers is a Monge array if for all i, j , k, and / such 
that 1 < i < fc^iji and 1 < j < / < n, we have 

A[i, j] + A[k, I] $AU, I] + A[k, j] . 




In other words, whenever -we pick two rows and two columns of a Monge array and 
consider the four elememts^t the intersections of the rows and the columns, the sum 
of the upper-left and lower^ight elements is less than or equal to the sum of the 
lower-left and upper-right elements. For example, the following array is Monge: 

10 17 13 28 23 (V) 
17 22 16 29 23 

24 28 22 34 24 *vX 

11 13 6 17 7 ^> 
45 44 32 37 23 

a. Prove that an array is Monge if and onlyt[f)for all i = 1,2 m — 1 and 

j = 1, 2, ...,« — 1, we have O 

A[i,j] + A[i + 1,7 + l]<A[i,j + l] + A[i +j, ;] . 

(Hint: For the "if" part, use induction separately on rbwsvand columns.) 

b. The following array is not Monge. Change one elemenVin order to make it 
Monge. (Hint: Use part (a).) 



36 33 19 21 6 
75 66 51 53 34 



37 23 22 32 

21 6 7 10 

53 34 30 31 

32 13 9 6 

43 21 15 8 
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c. Let / (/) be the index of the column containing the leftmost minimum element 
, of row i. Prove that /(l) < /(2) < ••• < / (m) for any m x « Monge array. 

y^s. Here is a description of a divide-and-conquer algorithm that computes the left- 
^^ynost minimum element in each row of an m x n Monge aiTay A: 

'^Construct a submatrix A' of A consisting of the even-numbered rows of A. 
(Recursively determine the leftmost minimum for each row of A'. Then 
c^pute the leftmost minimum in the odd-numbered rows of A. 

Explain'riQW to compute the leftmost minimum in the odd-numbered rows of A 
(given trmtAe leftmost minimum of the even-numbered rows is known) in 
0(m + n) time. 

e. Write the recur^nce describing the running time of the algorithm described in 
part (d). Show trusts solution is 0(m + n log m). 

% 

Chapter notes ( N 

0 

Divide-and-conquer as a techniquefor designing algorithms dates back to at least 
1962 in an article by Karatsuba aritQ^fman [194]. It might have been used well be- 
fore then, however; according to Hert^eman, Johnson, and Burrus [163], C. F. Gauss 
devised the first fast Fourier transform (algorithm in 1805, and Gauss's formulation 
breaks the problem into smaller subprob^js whose solutions are combined. 

The maximum-subarray problem in Sectj(^4. 1 is a minor variation on a problem 
studied by Bentley [43, Chapter 7]. 

Strassen's algorithm [325] caused much ejCCjtement when it was published 
in 1969. Before then, few imagined the possibihty^f an algorithm asymptotically 
faster than the basic Square-Matrix -Multiply procedure. The asymptotic 
upper bound for matrix multiplication has been impceved since then. The most 
asymptotically efficient algorithm for multiplying n x-p-matrices to date, due to 
Coppersmith and Winograd [78], has a running time of cKrt^' 376 ). The best lower 
bound known is just the obvious Q(n 2 ) bound (obvious because we must fill in n 2 
elements of the product matrix). 

From a practical point of view, Strassen's algorithm is often not the method of 
choice for matrix multiplication, for four reasons: 

1. The constant factor hidden in the ®(/? lg7 ) running time of Strassen's algo- 
rithm is larger than the constant factor in the 0(« 3 )-time Square-Matrix- 
Multiply procedure. 

2. When the matrices are sparse, methods tailored for sparse matrices are faster. 
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3. Strassen's algorithm is not quite as numerically stable as Square-Matrix- 
Multiply. In other words, because of the limited precision of computer arith- 
metic on noninteger values, larger errors accumulate in Strassen's algorithm 

vQthan in Square-Matrix-Multiply. 

4. C^he >submatrices formed at the levels of recursion consume space. 

The lsfter two reasons were mitigated around 1990. Higham [167] demonstrated 
that me^uifference in numerical stability had been overemphasized; although 
Strassen'svflgorithm is too numerically unstable for some applications, it is within 
acceptable limits, for others. Bailey, Lee, and Simon [32] discuss techniques for 
reducing the rTffemory requirements for Strassen's algorithm. 

In practice, fa^r matrix-multiplication implementations for dense matrices use 
Strassen's algoritfir^for matrix sizes above a "crossover point," and they switch 
to a simpler mefho<(once the subproblem size reduces to below the crossover 
point. The exact value^f* the crossover point is highly system dependent. Analyses 
that count operations but(lg\iore effects from caches and pipelining have produced 
crossover points as low as n^? 8 (by Higham [167]) or n = 12 (by Huss-Lederman 
et al. [186]). D'Alberto and^colau [81] developed an adaptive scheme, which 
determines the crossover pointy benchmarking when their software package is 
installed. They found crossover points on various systems ranging from n = 400 
to n = 2150, and they could not fintHi crossover point on a couple of systems. 

Recurrences were studied as early a^>l 202 by L. Fibonacci, for whom the Fi- 
bonacci numbers are named. A. De Moiwe introduced the method of generating 
functions (see Problem 4-4) for solving recWences. The master method is adapted 
from Bentley, Haken, and Saxe [44], whicifprpyides the extended method justified 
by Exercise 4.6-2. Knuth [209] and Liu [237>«hgw how to solve linear recurrences 
using the method of generating functions. Puraemand Brown [287] and Graham, 
Knuth, and Patashnik [152] contain extended discWsjkms of recurrence solving. 

Several researchers, including Akra and Bazzi [ioj, Roura [299], Verma [346], 
and Yap [360], have given methods for solving more»general divide-and-conquer 
recurrences than are solved by the master method. We (Je^cribe the result of Akra 
and Bazzi here, as modified by Leighton [228]. The Akra-@izzi method works for 
recurrences of the form 

TV ^ \ if 1 - x - Xo ' (A 

T(x) = i k (4.30) 

( L,=i aiT{biX) + f(x) if x > x 0 , 

where 



• x > 1 is a real number, 

• x 0 is a constant such that x 0 > l/bj and x 0 > 1/(1 — bf) for i = 1,2, ... ,k, 

• a, is a positive constant for i = 1,2, ... ,k, 



i positive constant for i = 1,2, ... ,k, 
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• bt is a constant in the range 0 < b t < 1 for i = 1,2, ... ,k, 

• k > 1 is an integer constant, and 

f{x) is a nonnegative function that satisfies the polynomial-growth condi- 
^f^iion: there exist positive constants c x and c 2 such that for all x > 1, for 
<u?= \,2,...,k, and for all u such that b t x < w < x, we have Ci/(x) < 



1 



< c 2 f(x). (If |/'(x)| is upper-bounded by some polynomial in x, then 
atisfies the polynomial-growth condition. For example, / (x) = x a lg^ x 
ae^this condition for any real constants a and /3.) 

Although th^master method does not apply to a recurrence such as T(n) = 
T([n/3\) + ?^}.2m/3J) + O(n), the Akra-Bazzi method does. To solve the re- 
currence (4.30),^\^fc first find the unique real number p such that Yli=i a t bf = 1. 
(Such a p always e^&sts.) The solution to the recurrence is then 

"*)■•('('#*))• 

The Akra-Bazzi method cap>1je somewhat difficult to use, but it serves in solving 
recurrences that model divisianvof the problem into substantially unequally sized 
subproblems. The master method is simpler to use, but it applies only when sub- 

\ 



problem sizes are equal. 



5 • probabilistic Analysis and Randomized 
Algorithms 

This chapter introdoj es probabilistic analysis and randomized algorithms. If you 
are unfamiliar with th^ basics of probability theory, you should read Appendix C, 
which reviews this material. We shall revisit probabilistic analysis and randomized 
algorithms several times tjs^oughout this book. 

% 

5.1 The hiring problem v ^ 

Suppose that you need to hire a ne^office assistant. Your previous attempts at 
hiring have been unsuccessful, and yoiyiecide to use an employment agency. The 
employment agency sends you one candidate each day. You interview that person 
and then decide either to hire that persornar not. You must pay the employment 
agency a small fee to interview an applicaarTo actually hire an applicant is more 
costly, however, since you must fire your currehtioffice assistant and pay a substan- 
tial hiring fee to the employment agency. You we-committed to having, at all times, 
the best possible person for the job. Therefore, yOdecide that, after interviewing 
each applicant, if that applicant is better qualified t^an the current office assistant, 
you will fire the current office assistant and hire the na*v applicant. You are willing 
to pay the resulting price of this strategy, but you wish (cTfestimate what that price 
will be. O 

The procedure Hire-Assistant, given below, expresses*^^ strategy for hiring 
in pseudocode. It assumes that the candidates for the office assistant job are num- 
bered 1 through n . The procedure assumes that you are able to, after interviewing 
candidate i , determine whether candidate i is the best candidate you have seen so 
far. To initialize, the procedure creates a dummy candidate, numbered 0, who is 
less qualified than each of the other candidates. 
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Hire-Assistant (n) 

1 best = 0 // candidate 0 is a least-qualified dummy candidate 

\&J> for i = 1 to n 
\^ interview candidate i 
4^) . if candidate i is better than candidate best 

5 O ^^5? = i 

6 hire candidate i 

The cc^model for this problem differs from the model described in Chapter 2. 
We focus npt>dn the running time of Hire- Assistant, but instead on the costs 
incurred by interviewing and hiring. On the surface, analyzing the cost of this algo- 
rithm may seern \«ry different from analyzing the running time of, say, merge sort. 
The analytical techjiiques used, however, are identical whether we are analyzing 
cost or running time. In either case, we are counting the number of times certain 
basic operations are ^xeijHted. 

Interviewing has a low cost, say c, , whereas hiring is expensive, costing Cf,. Let- 
ting m be the number of people hired, the total cost associated with this algorithm 
is 0(c,n + Chm). No maf(gr how many people we hire, we always interview n 
candidates and thus always the cost Cjii associated with interviewing. We 
therefore concentrate on analyzing ^m, the hiring cost. This quantity varies with 
each run of the algorithm. 

This scenario serves as a model fqHt common computational paradigm. We of- 
ten need to find the maximum or minium value in a sequence by examining each 
element of the sequence and maintaining^ current "winner." The hiring problem 
models how often we update our notion of^faich element is currently winning. 

Worst-case analysis Q 

In the worst case, we actually hire every candidate^tiiat we interview. This situation 
occurs if the candidates come in strictly increasing ftrder of quality, in which case 
we hire n times, for a total hiring cost of O(c^n). V. *■ 

Of course, the candidates do not always come in incr Qir lg order of quality. In 
fact, we have no idea about the order in which they arrivC>nor do we have any 
control over this order. Therefore, it is natural to ask what we expect to happen in 
a typical or average case. 



Probabilistic analysis 

Probabilistic analysis is the use of probability in the analysis of problems. Most 
commonly, we use probabilistic analysis to analyze the running time of an algo- 
rithm. Sometimes we use it to analyze other quantities, such as the hiring cost 
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in procedure Hire- ASSISTANT. In order to perform a probabilistic analysis, we 
must use knowledge of, or make assumptions about, the distribution of the inputs. 
•^Then we analyze our algorithm, computing an average-case running time, where 
take the average over the distribution of the possible inputs. Thus we are, in 
% averaging the running time over all possible inputs. When reporting such a 
time, we will refer to it as the average-case running time. 
We^prast be very careful in deciding on the distribution of inputs. For some 
problemS/Oiye may reasonably assume something about the set of all possible in- 
puts, and \ngn we can use probabilistic analysis as a technique for designing an 
efficient algefnthm and as a means for gaining insight into a problem. For other 
problems, wexSajariot describe a reasonable input distribution, and in these cases 
we cannot use probabilistic analysis. 

For the hiring pfohLem, we can assume that the applicants come in a random 
order. What does that mean for this problem? We assume that we can compare 
any two candidates ah^ decide which one is better qualified; that is, there is a 
total order on the candidates. (See Appendix B for the definition of a total or- 
der.) Thus, we can rank ea£cj* candidate with a unique number from 1 through n, 
using rank{i) to denote the {ank of applicant i, and adopt the convention that a 
higher rank corresponds to a b^S^r qualified applicant. The ordered list (rank(l), 
rank(2), . . . , rank(n)) is a permutation of the list (1,2, ...,«). Saying that the 
applicants come in a random order^fsjequivalent to saying that this list of ranks is 
equally likely to be any one of the n,"^permutations of the numbers 1 through n. 
Alternatively, we say that the ranks forna"^ uniform random permutation; that is, 
each of the possible n ! permutations appears\\vith equal probability. 
Section 5.2 contains a probabilistic ana > lyS*<)f the hiring problem. 

Randomized algorithms Q 

In order to use probabilistic analysis, we need to krfow something about the distri- 
bution of the inputs. In many cases, we know very littl* about the input distribution. 
Even if we do know something about the distribution, w^may not be able to model 
this knowledge computationally. Yet we often can use probability and randomness 
as a tool for algorithm design and analysis, by making the t$ei)avior of part of the 
algorithm random. 

In the hiring problem, it may seem as if the candidates are being presented to us 
in a random order, but we have no way of knowing whether or not they really are. 
Thus, in order to develop a randomized algorithm for the hiring problem, we must 
have greater control over the order in which we interview the candidates. We will, 
therefore, change the model slightly. We say that the employment agency has n 
candidates, and they send us a list of the candidates in advance. On each day, we 
choose, randomly, which candidate to interview. Although we know nothing about 
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the candidates (besides their names), we have made a significant change. Instead 
of relying on a guess that the candidates come to us in a random order, we have 
instead gained control of the process and enforced a random order. 

More generally, we call an algorithm randomized if its behavior is determined 
irat) only by its input but also by values produced by a random-number gener- 
atojiyNe shall assume that we have at our disposal a random-number generator 
RaKhjsm. A call to RANDOM(a, b) returns an integer between a and b, inclu- 
sive, wkk each such integer being equally likely. For example, Random(0, 1) 
produces Owith probability 1/2, and it produces 1 with probability 1/2. A call to 
Random 0, 1) returns either 3, 4, 5, 6, or 7, each with probability 1/5. Each inte- 
ger returned tw^Random is independent of the integers returned on previous calls. 
You may imagine- RANDOM as rolling a (b — a + l)-sided die to obtain its out- 
put. (In practice>«iQst programming environments offer a pseudorandom-number 
generator: a deterministic algorithm returning numbers that "look" statistically 
random.) x 

When analyzing the (unning time of a randomized algorithm, we take the expec- 
tation of the running tim^dyer the distribution of values returned by the random 
number generator. We distinguish these algorithms from those in which the input 
is random by referring to thef^dnning time of a randomized algorithm as an ex- 
pected running time. In genera^, we discuss the average-case running time when 
the probability distribution is oveir^me inputs to the algorithm, and we discuss the 
expected running time when the algopimm itself makes random choices. 

o 

Exercises £y 

y^Q: 

best, in line 4 of procedure HIRE-ASSISTANT, Wfrties that we know a total order 
on the ranks of the candidates. V 



5.1-1 

Show that the assumption that we are alway£ v a^le to determine which candidate is 



5.1-2 * Q 

Describe an implementation of the procedure Random (^p) that only makes calls 
to Random(0, 1). What is the expected running time T}£Vour procedure, as a 
function of a and bl 

5.1-3 * 

Suppose that you want to output 0 with probability 1/2 and 1 with probability 1/2. 
At your disposal is a procedure Biased-Random, that outputs either 0 or 1. It 
outputs 1 with some probability p and 0 with probability 1 — p, where 0 < p < 1, 
but you do not know what p is. Give an algorithm that uses Biased-Random 
as a subroutine, and returns an unbiased answer, returning 0 with probability 1/2 
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and 1 with probability 1/2. What is the expected running time of your algorithm 
, as a function of pi 

*? 

5.2 Indicator i^om variables 

In orders-analyze many algorithms, including the hiring problem, we use indicator 
random vanables. Indicator random variables provide a convenient method for 
converting between probabilities and expectations. Suppose we are given a sample 
space S and an e)jent A. Then the indicator random variable I {A} associated with 
event A is defined as 

( ^ 

1 if^rs, (51) 
/ 0 if A doe&/«ot occur . 

As a simple example, iet>us determine the expected number of heads that we 
obtain when flipping a fair Wm^ Our sample space is S = {H, T}, with Pr {H} = 
Pr{T} = 1/2. We can thenMeinie an indicator random variable X H , associated 
with the coin coming up headsvwhich is the event H . This variable counts the 
number of heads obtained in this flip>and it is 1 if the coin comes up heads and 0 
otherwise. We write \j v 

X H = 1{H} 

!1 if H occurs , 
0 if T occurs . 

The expected number of heads obtained in one ^Ttjp of the coin is simply the ex- 
pected value of our indicator variable X H : 



E[X H ] = E[l{H}] 

= 1 -Pr{#} + 0-Pr{T} 

= 1.(1/2) + 0.(1/2) 

= 1/2. 



Thus the expected number of heads obtained by one flip of a fair coin is 1/2. As 
the following lemma shows, the expected value of an indicator random variable 
associated with an event A is equal to the probability that A occurs. 



Lemma 5.1 

Given a sample space S and an event A in the sample space S, let X A = I {A}. 
ThenE[^] = Pt{A}. 
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Proof By the definition of an indicator random variable from equation (5.1) and 
the definition of expected value, we have 

^£[X A ] = E[1{A}] 

^ = l-PrL4} + 0-Pr{I} 

\$ = pi-m} , 

whereOtdenotes S — A, the complement of A. m 



Althou'^indicator random variables may seem cumbersome for an application 
such as coining the expected number of heads on a flip of a single coin, they are 
useful for anadv^ing situations in which we perform repeated random trials. For 
example, indica^c^ random variables give us a simple way to arrive at the result 
of equation (C.37^^n this equation, we compute the number of heads in n coin 
flips by considering separately the probability of obtaining 0 heads, 1 head, 2 heads, 
etc. The simpler mefhod^roposed in equation (C.38) instead uses indicator random 
variables implicitly. Makpfg this argument more explicit, we let X t be the indicator 
random variable associateo^ith the event in which the z'th flip comes up heads: 
Xj = I {the ith flip results in the event H}. Let X be the random variable denoting 
the total number of heads in the n coin flips, so that 

o 

We wish to compute the expected numbe(fM heads, and so we take the expectation 
of both sides of the above equation to obta^n"^ 

The above equation gives the expectation of the sum of n indicator random vari- 
ables. By Lemma 5.1, we can easily compute the expei^t^ion of each of the random 
variables. By equation (C.21)— linearity of expectation -Otis easy to compute the 
expectation of the sum: it equals the sum of the expecfSjons of the n random 
variables. Linearity of expectation makes the use of indicator random variables a 
powerful analytical technique; it applies even when there is dependence among the 
random variables. We now can easily compute the expected number of heads: 



EM 



Lf = 1 



Chapter 5 Probabilistic Analysis and Randomized Algorithms 



E[X] 

% 



E 

_i' = l 

n 



Thus, comparedto the method used in equation (C.37), indicator random variables 
greatly simplify the calculation. We shall use indicator random variables through- 
out this book. v 

Analysis of the hiring^pr^blem using indicator random variables 

Returning to the hiring pro^m, we now wish to compute the expected number of 
times that we hire a new offic^kssistant. In order to use a probabilistic analysis, we 
assume that the candidates arri^in a random order, as discussed in the previous 
section. (We shall see in Section 5.3 how to remove this assumption.) Let X be the 
random variable whose value equal^me number of times we hire a new office as- 
sistant. We could then apply the defmltiph of expected value from equation (C.20) 
to obtain ^ q 



E[X] = J2 X Pf {* = *} 



but this calculation would be cumbersome. We^a^l instead use indicator random 
variables to greatly simplify the calculation. s\ 

To use indicator random variables, instead of computing E [X] by defining one 
variable associated with the number of times we hire a--new office assistant, we 
define n variables related to whether or not each particulaikcandidate is hired. In 
particular, we let X t be the indicator random variable associated with the event in 
which the i th candidate is hired. Thus, v' 

Xj = I {candidate i is hired} 

J 1 if candidate i is hired , 
/ 0 if candidate i is not hired , 



and 



X = X, + X 2 + • • • + X n 



(5.2) 
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By Lemma 5.1, we have that 
fv E [I,-] = Pr {candidate i is hired} , 

\md we must therefore compute the probability that lines 5-6 of Hire-Assistant 
a^executed. 

Cahdidate i is hired, in line 6, exactly when candidate i is better than each of 
candi^tes 1 through i — 1. Because we have assumed that the candidates arrive in 
a rando^prder, the first i candidates have appeared in a random order. Any one of 
these firsV^pandidates is equally likely to be the best-qualified so far. Candidate i 
has a probMnWty of 1/ i of being better qualified than candidates 1 through i — 1 
and thus a prqb&bility of 1/i of being hired. By Lemma 5.1, we conclude that 

E[Xt] = l/i.\$ x (5.3) 
Now we can comput^E'[Z]: 

rTby equation (5.2)) (5.4) 

<* 

= 2_. E [Xi] (by linearity of expectation) 

'•6 

= E 1 /' (by equatXto (5.3)) 

(=i o 

= Inn + 0(1) (by equation^)?)) . (5.5) 



E [X] = E 



.i = l 



Even though we interview n people, we actually hire only approximately In n of 
them, on average. We summarize this result in~f»e following lemma. 

Lemma 5.2 V 

Assuming that the candidates are presented in a ratidom order, algorithm HlRE- 
AssiSTANT has an average-case total hiring cost of cf^hin). 

Proof The bound follows immediately from our defirfi^) n of the hiring cost 
and equation (5.5), which shows that the expected number of hires is approxi- 
mately In n . ■ 



The average-case hiring cost is a significant improvement over the worst-case 
hiring cost of O(chfi). 



122 /■ Chapter 5 Probabilistic Analysis and Randomized Algorithms 

Exercises 
.2-1 

ire-Assistant, assuming that the candidates are presented in a random or- 
hat is the probability that you hire exactly one time? What is the probability 
thaVypd hire exactly n times? 





5.2-2 0 

In HlRE-^SlSTANT, assuming that the candidates are presented in a random or- 
der, what i9fffi)e probability that you hire exactly twice? 

5.2-3 

Use indicator rariwwi variables to compute the expected value of the sum of n dice. 
5.2-4 <V 

Use indicator random Variables to solve the following problem, which is known as 
the hat-check problem, ^ach of n customers gives a hat to a hat-check person at a 
restaurant. The hat-check p^pSon gives the hats back to the customers in a random 
order. What is the expected number of customers who get back their own hat? 

5.2-5 v 

Let A[\ . .n] be an array of n distineK numbers. If i < j and A[i] > A[j], then 
the pair (i, j) is called an inversionofM. (See Problem 2-4 for more on inver- 
sions.) Suppose that the elements ofvL-form a uniform random permutation of 
(1,2, ... ,n). Use indicator random variables to compute the expected number of 
inversions. vj^L 

©x 

5.3 Randomized algorithms £\ 

• 

In the previous section, we showed how knowing a dis(ribution on the inputs can 
help us to analyze the average-case behavior of an algorit^Bji. Many times, we do 
not have such knowledge, thus precluding an average-case aamysis. As mentioned 
in Section 5.1, we may be able to use a randomized algorithm^ 

For a problem such as the hiring problem, in which it is helpful to assume that 
all permutations of the input are equally likely, a probabilistic analysis can guide 
the development of a randomized algorithm. Instead of assuming a distribution 
of inputs, we impose a distribution. In particular, before running the algorithm, 
we randomly permute the candidates in order to enforce the property that every 
permutation is equally likely. Although we have modified the algorithm, we still 
expect to hire a new office assistant approximately ln« times. But now we expect 
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this to be the case for any input, rather than for inputs drawn from a particular 
distribution. 

Let us further explore the distinction between probabilistic analysis and random- 
y^ed algorithms. In Section 5.2, we claimed that, assuming that the candidates ar- 
rqyb in a random order, the expected number of times we hire a new office assistant 
is abnut In n. Note that the algorithm here is deterministic; for any particular input, 
the ruwnber of times a new office assistant is hired is always the same. Furthermore, 
the nufnber of times we hire a new office assistant differs for different inputs, and it 
dependsN^*ihe ranks of the various candidates. Since this number depends only on 
the ranks or the candidates, we can represent a particular input by listing, in order, 
the ranks ofMha candidates, i.e., (rank(l), rank(2), . . . , rank(n)). Given the rank 
list A x = (1,2*9,4, 5, 6, 1, 8, 9, 10), a new office assistant is always hired 10 times, 
since each successive candidate is better than the previous one, and lines 5-6 are 
executed in each rferatiqn. Given the list of ranks A 2 = (10, 9, 8, 7, 6, 5, 4, 3, 2, 1), 
a new office assistarf^ hired only once, in the first iteration. Given a list of ranks 
A 3 = (5, 2, 1, 8, 4, \ 10, 9, 3, 6), a new office assistant is hired three times, 
upon interviewing the ca^jttdates with ranks 5, 8, and 10. Recalling that the cost 
of our algorithm depends ojfftiow many times we hire a new office assistant, we 
see that there are expensive ii^its such as Ai, inexpensive inputs such as A 2 , and 
moderately expensive inputs sucji as A 3 . 

Consider, on the other hand, ttatrpndomized algorithm that first permutes the 
candidates and then determines the^e^t candidate. In this case, we randomize in 
the algorithm, not in the input distribution. Given a particular input, say A 3 above, 
we cannot say how many times the maximum is updated, because this quantity 
differs with each run of the algorithm. T-rle&rst time we run the algorithm on A 3 , 
it may produce the permutation A\ and penb*m 10 updates; but the second time 
we run the algorithm, we may produce the permutation A 2 and perform only one 
update. The third time we run it, we may perfortn»ome other number of updates. 
Each time we run the algorithm, the execution aepends on the random choices 
made and is likely to differ from the previous execution of the algorithm. For this 
algorithm and many other randomized algorithms, nu.particular input elicits its 
worst-case behavior. Even your worst enemy cannot produce a bad input array, 
since the random permutation makes the input order irrete^Jint. The randomized 
algorithm performs badly only if the random-number generator produces an "un- 
lucky" permutation. 

For the hiring problem, the only change needed in the code is to randomly per- 
mute the array. 
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Randomized-Hire-Assistant(m) 

1 randomly permute the list of candidates 

best = 0 // candidate 0 is a least-qualified dummy candidate 

?p for i = 1 to n 

4 C^) v interview candidate i 

5 > 0 if candidate i is better than candidate best 

6 0 best = i 

7 hire candidate i 



With this sirf0je' change, we have created a randomized algorithm whose perfor- 
mance match( 
random order. 



mance matche^Jfe^t obtained by assuming that the candidates were presented in a 



Lemma 5.3 v , 

The expected hiring <Mst>t)f the procedure Randomized-Hire- ASSISTANT is 
0(c h \nn). C . 

Proof After permuting the (n£>ut array, we have achieved a situation identical to 
that of the probabilistic analysi^f Hire-Assistant. ■ 

Comparing Lemmas 5.2 and 5.3vhrahlights the difference between probabilistic 
analysis and randomized algorithms/m^emma 5.2, we make an assumption about 
the input. In Lemma 5.3, we make no suefe assumption, although randomizing the 
input takes some additional time. To remaki consistent with our terminology, we 
couched Lemma 5.2 in terms of the average?case hiring cost and Lemma 5.3 in 
terms of the expected hiring cost. In the remamdgr of this section, we discuss some 
issues involved in randomly permuting inputsv^ 



Randomly permuting arrays 



Many randomized algorithms randomize the input by (5efcmuting the given input 
array. (There are other ways to use randomization.) He{e^)we shall discuss two 
methods for doing so. We assume that we are given an arrayf^which, without loss 
of generality, contains the elements 1 through n. Our goal is to produce a random 
permutation of the array. 

One common method is to assign each element A[i] of the array a random pri- 
ority P[i], and then sort the elements of A according to these priorities. For ex- 
ample, if our initial array is A = (1, 2, 3, 4) and we choose random priorities 
P = (36, 3, 62, 19), we would produce an array B = (2, 4, 1, 3), since the second 
priority is the smallest, followed by the fourth, then the first, and finally the third. 
We call this procedure Permute-By-Sorting: 
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Permute-By-Sorting (A) 

1 n = A. length 
% let P [1 . . n] be a new array 
\% for / = 1 to n 

= RANDOM(l,/? 3 ) 

5 ^4, using P as sort keys 

Line 4 ^iposes a random number between 1 and n 3 . We use a range of 1 to n 3 
to make if^Hkely that all the priorities in P are unique. (Exercise 5.3-5 asks you 
to prove tftaTMhe probability that all entries are unique is at least 1 — l/n, and 
Exercise 5.3-(^lsks how to implement the algorithm even if two or more priorities 
are identical.) I-£Kis assume that all the priorities are unique. 

The time-consuming step in this procedure is the sorting in line 5. As we shall 
see in Chapter 8, if we»use a comparison sort, sorting takes Q(nlgn) time. We 
can achieve this lower tound, since we have seen that merge sort takes 0(« Ign) 
time. (We shall see othep comparison sorts that take 0(«lg«) time in Part II. 
Exercise 8.3-4 asks you to*sbjU/e the very similar problem of sorting numbers in the 
range 0 to « 3 — 1 in 0(n) tune.) After sorting, if P[i] is the y'th smallest priority, 
then A[i ] lies in position j of tire output. In this manner we obtain a permutation. It 
remains to prove that the procedure produces a uniform random permutation, that 
is, that the procedure is equally lik@> to produce every permutation of the numbers 
1 through n. \( 

o 

Lemma 5.4 (\ 

Procedure PERMUTE-BY-SORTING produqej^a uniform random permutation of the 
input, assuming that all priorities are distinc^^ 

Proof We start by considering the particulafija^mutation in which each ele- 
ment A[i] receives the 2th smallest priority. We shall show that this permutation 
occurs with probability exactly l/n\. For i = 1*2— let E t be the event 
that element A[i] receives the 2 th smallest priority. Tkenwe wish to compute the 
probability that for all i, event E i occurs, which is 

Pr{£i n E 2 n E 3 n • • • n £„_, n E n } . 

Using Exercise C.2-5, this probability is equal to 

Pr{£i}.Pr{£ 2 | Ei}--Pt{E 3 \ E 2 nE l }-?v{E A \ E 3 n E 2 n E x } 
■■■Pr{£, | nE t - 2 n ■■■nE 1 } •••Pr{£„ | E H - t n • • • n . 

We have that Pr{£x} = l/n because it is the probability that one priority 
chosen randomly out of a set of n is the smallest priority. Next, we observe 
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that Pr{£ , 2 I £1} = 0 because given that element A[l] has the small- 

est priority, each of the remaining n — 1 elements has an equal chance of hav- 
•^frig the second smallest priority. In general, for i = 2, 3, ... ,n, we have that 
Pn I Ei-i n Ei-2 H • • • fl Ei} = l/(n — i + 1), since, given that elements A[\] 
ttojofigh A[i — 1] have the i — 1 smallest priorities (in order), each of the remaining 
n — ij*y 1) elements has an equal chance of having the zth smallest priority. Thus, 
we ha^^ 

^.n^M.-n^nE,! = (I) (-L.). . . ( \ ) (I) 



and we have shoV$n4hat the probability of obtaining the identity permutation 
isl/n!. C 

We can extend this^propf to work for any permutation of priorities. Consider 
any fixed permutation io(l), a(2), . . . , o(n)) of the set {1,2, ... ,n}. Let us 
denote by r, the rank of th^priority assigned to element A[i], where the element 
with the j th smallest priority^nas rank j . If we define E t as the event in which 
element A[i] receives the a (z) (^smallest priority, or r, = a(i), the same proof 
still applies. Therefore, if we calculate the probability of obtaining any particular 
permutation, the calculation is identjt^l to the one above, so that the probability of 
obtaining this permutation is also 1 / n^s* m 

You might think that to prove that a permutation is a uniform random permuta- 
tion, it suffices to show that, for each eleim?ff«4 [z], the probability that the element 
winds up in position j is l/n. Exercise 5.3-Vshows that this weaker condition is, 
in fact, insufficient. r\ 

A better method for generating a random permutation is to permute the given 
array in place. The procedure Randomize-In-PlVlCE does so in 0(n) time. In 
its / th iteration, it chooses the element A[i] randomly from among elements A[i] 
through A[n]. Subsequent to the zth iteration, A[i] is nev^ altered. 

Randomize-In-Place(^) vp 

1 n = A. length 

2 for i = lion 

3 swap A[i] with ,4[Random(z\ «)] 

We shall use a loop invariant to show that procedure Randomize-In-Place 
produces a uniform random permutation. A k -permutation on a set of n ele- 
ments is a sequence containing k of the n elements, with no repetitions. (See 
Appendix C.) There are n\/(n — k) \ such possible k -permutations. 
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Lemma 5.5 

Procedure Randomize-In-Place computes a uniform random permutation. 
^Kroof We use the following loop invariant: 

^^j^t prior to the z'th iteration of the for loop of lines 2-3, for each possible 
^r^r 1) -permutation of the n elements, the subarray A[l . . i — 1] contains 
l)"P ermu t a tion with probability (n — i + l)!/«!. 

We need tfr)>how that this invariant is true prior to the first loop iteration, that each 
iteration of <Ja£ 'loop maintains the invariant, and that the invariant provides a useful 
property to she^j correctness when the loop terminates. 

Initialization: Consider the situation just before the first loop iteration, so that 
i = 1. The loop invariant says that for each possible O-permutation, the sub- 
array A[\ . . 0] contaj»s this O-permutation with probability (n — i + l)!/n! = 
n\/n\ = 1. The suisarcay A[\ , , 0] is an empty subarray, and a O-permutation 
has no elements. ThusV&U . . 0] contains any O-permutation with probability 1, 
and the loop invariant hMdsprior to the first iteration. 

Maintenance: We assume mat just before the z'th iteration, each possible 
(z — 1) -permutation appear? ia* the subarray — 1] with probability 

(n — i + l)\/n\, and we shall^snow that after the z'th iteration, each possible 
/-permutation appeal's in the suKarray A[l . ./] with probability (n — i)\/n\. 
Incrementing i for the next iteration-men maintains the loop invariant. 

Let us examine the z'th iteration. CdftMder a particular i -permutation, and de- 
note the elements in it by (xi, x 2 , ■ . •V^A This permutation consists of an 
(z — 1) -permutation (jci, . . . , followea_by the value Xj that the algorithm 
places in A[i]. Let E\ denote the event in whlcjh the first i — 1 iterations have 
created the particular (z — 1) -permutation (xi,\. . , x,_i) in A[l , , i — 1]. By the 
loop invariant, Pr { E i } = (n — i + 1 ) ! / n ! . Let E\ be the event that i th iteration 
puts Xi in position A[i]. The i -permutation (x\, . . -O^ appears in A[\ . . i] pre- 
cisely when both E\ and E 2 occur, and so we wish ^compute Pr {E 2 H ^i}. 
Using equation (C.14), we have vO 

PT{E 2 nE 1 } = Pr{E 2 | E.jPriE,} . 

The probability Pr {E 2 \ E r } equals l/(n— i + 1) because in line 3 the algorithm 
chooses Xi randomly from the n — i + l values in positions A[i . .«]. Thus, we 
have 
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Pr{E 2 nE 1 } = Pi{E 2 \E 1 }Pr{E 1 } 

1 (n-i + l)\ 
^ > n — i + 1 n\ 

- ■ 

Termu^Jion: At termination, i = n + 1, and we have that the subarray A[\ . . n] 
is a gij^Ji n -permutation with probability (n — in + 1) + 1)/« ! = 0!/» ! = 1/n !. 



Thus, RawQMIZE-In-Place produces a uniform random permutation. ■ 

A randomizelOlgorithm is often the simplest and most efficient way to solve a 
problem. We shaHjjke randomized algorithms occasionally throughout this book. 

Exercises \ 
5.3-1 V £ 

Professor Marceau objects to tH^ loop invariant used in the proof of Lemma 5.5. He 
questions whether it is true prroirto the first iteration. He reasons that we could just 
as easily declare that an emptySubarray contains no O-permutations. Therefore, 
the probability that an empty subaVra^ contains a O-permutation should be 0, thus 
invalidating the loop invariant prior-to the first iteration. Rewrite the procedure 
Randomize-In-Place so that its associated loop invariant applies to a nonempty 
subarray prior to the first iteration, and Wjdify the proof of Lemma 5.5 for your 
procedure. 

5.3-2 

Professor Kelp decides to write a procedure that induces at random any permuta- 
tion besides the identity permutation. He proposes th& following procedure: 



Permute-Without-Identity 04) 

1 n = A. length 

2 for i = 1 to 7i — 1 

3 swap A[i] with ,4[Random(/ + l,n)] 
Does this code do what Professor Kelp intends? 



5.3-3 

Suppose that instead of swapping element A[i] with a random element from the 
subarray A[i . . «], we swapped it with a random element from anywhere in the 
array: 
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Permute-With- All 04) 

1 n = A. length 
\&J> for i = 1 to n 
^ swap A[i] with ^4[Random(1, «)] 

D«es)this code produce a uniform random permutation? Why or why not? 

ProfessorArmstrong suggests the following procedure for generating a uniform 
random permutation: 

PERMUTE-B¥^gYCLIC(^4) 

1 n = A. length ss 

2 let B[l . . n] beva new array 

3 offset = RANDO$4(L, n) 

4 for i = 1 to n \ 

5 dest = i + offset^ 

6 if dest > n 

1 dest = dest — n 

8 B[dest] = A[i] . 

9 return B vQ 



Show that each element A[i] has a l/?i^probability of winding up in any particular 
position in B. Then show that Professor-Armstrong is mistaken by showing that 
the resulting permutation is not uniformHyraodom. 



5.3-5 * ^ 

Prove that in the array P in procedure Perm uJE-By- Sorting, the probability 
that all elements are unique is at least 1 — l/n. 

5.3-6 * ry 

Explain how to implement the algorithm Permute-B^ORTING to handle the 
case in which two or more priorities are identical. That i^<\our algorithm should 
produce a uniform random permutation, even if two or more<priorities are identical. 

5.3-7 

Suppose we want to create a random sample of the set {1, 2, 3, ... , «}, that is, 
an m-element subset S, where 0 < m < n, such that each m-subset is equally 
likely to be created. One way would be to set A[i] — i for i = 1,2, 3, ... ,n, 
call Randomize-In-Place(^), and then take just the first m array elements. 
This method would make n calls to the RANDOM procedure. If n is much larger 
than m, we can create a random sample with fewer calls to RANDOM. Show that 
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the following recursive procedure returns a random m-subset S of {1, 2, 3, . . . , n), 
, in which each /^-subset is equally likely, while making only m calls to Random: 

|KNDOM-SAMPLE(m, ri) 

1 (^m==0 

2 >cQ return 0 

3 el&ik^ = Random-S ample (m — \,n — 1) 

4 Random (1,«) 

5 ih^S 

6 ^SU {«} 

7 else S^yS U {i} 

8 return 5r _^ 



★ 5^4 Probabilistic analysis andCf\irther uses of indicator random variables 

This advanced section further- illustrates probabilistic analysis by way of four ex- 
amples. The first determines the' probability that in a room of k people, two of 
them share the same birthday. The segond example examines what happens when 
we randomly toss balls into bins. Xh# third investigates "streaks" of consecutive 
heads when we flip coins. The final e^mple analyzes a variant of the hiring prob- 
lem in which you have to make decisi^g^ without actually interviewing all the 
candidates. 

5.4.1 The birthday paradox \?\J 

Our first example is the birthday paradox. How^m&jy people must there be in a 
room before there is a 50% chance that two of thenrwere born on the same day of 
the year? The answer is surprisingly few. The paradox is-that it is in fact far fewer 
than the number of days in a year, or even half the number^ days in a year, as we 
shall see. 

To answer this question, we index the people in the rofjm with the integers 
1,2, ... ,k, where k is the number of people in the room. We ignore the issue 
of leap years and assume that all years have n = 365 days. For i = 1,2, ... ,k, 
let bi be the day of the year on which person i's birthday falls, where 1 < /3 ; < n. 
We also assume that birthdays are uniformly distributed across the n days of the 
year, so that Pr {b t = r } = 1/n for i = 1,2, ... ,k and r = 1,2,..., n. 

The probability that two given people, say i and j, have matching birthdays 
depends on whether the random selection of birthdays is independent. We assume 
from now on that birthdays are independent, so that the probability that i 's birthday 
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and j 's birthday both fall on day r is 

Pr {bj = r and bj = r} = Pr {bj = r\ Pr {bj = r } 

the probability that they both fall on the same day is 
Pr {b$^j } = J2 Pr {bi = r and bj = r } 

%U/n . (5.6) 

More intuitively, o£ce A is chosen, the probability that bj is chosen to be the same 
day is \/n. Thus, thVprjsbability that i and j have the same birthday is the same 
as the probability that ^the^birthday of one of them falls on a given day. Notice, 
however, that this coinci^hce depends on the assumption that the birthdays are 
independent. \ 

We can analyze the proba@ty of at least 2 out of k people having matching 
birthdays by looking at the complementary event. The probability that at least two 
of the birthdays match is 1 minus Improbability that all the birthdays are different. 
The event that k people have distinc^birthdays is 

o 

where A t is the event that person i's birtnaav_is different from person j's for 
all j < i. Since we can write Bk = Ak PI Bk^r;we obtain from equation (C.16) 
the recurrence v. 

Pr{B k } = Pr{B fe _ 1 }Pr{^ | B k ^} , * Q (5.7) 

where we take Prf^} = Pr{^x} = 1 as an initial cOjition. In other words, 
the probability that b\, b 2 , . . . , bk are distinct birthdays <j? the probability that 

b\,b 2 bfr-i are distinct birthdays times the probability that bk ^ bi for 

i = 1,2, ... ,k — 1, given that b x , b 2 , ■ ■ ■ , bk-\ are distinct. 

If bi, b 2 , . . ■ , bk-\ are distinct, the conditional probability that bk ^ b t for 
i = 1, 2, . . . , k — 1 is Vx{A k | Bk-i} = in — k + l)/n, since out of the n days, 
n — (k — 1) days are not taken. We iteratively apply the recurrence (5.7) to obtain 
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Pr{B k } = Pr Pr {,4* | 

= Pr{fl k _ 2 }Pr{4t_i | S fc _ 2 }Pr{^ | B^} 

= Pr{Bi}Pr{v4 2 | Bi}PrL4 3 | B 2 } • • • Pr I #Ar-i} 

4r ' (^)(^) -(^) 



5) 



^■(-;)(-l)-0-^) 



Inequality (3.r2)£j + x < e*, gives us 



Pr{^} < e"% 



■ 2 /" . . . g-(*-l)/» 



" 1/2 /A 

when — A:(/c — i)/2n < ln(l$2). The probability that all k birthdays are distinct 
is at most 1/2 when k(k — 1) ^2n In 2 or, solving the quadratic equation, when 
k > (1 + yl + (8 In 2)n)/2. F(*r «>= 365, we must have k > 23. Thus, if at 
least 23 people are in a room, the probability is at least 1/2 that at least two people 
have the same birthday. On Mars, a\^e"ar is 669 Martian days long; it therefore 
takes 3 1 Martians to get the same effectQ 

An analysis using indicator random variaiyes 

We can use indicator random variables to provicm-a. simpler but approximate anal- 
ysis of the birthday paradox. For each pair (i , j )^er^he k people in the room, we 
define the indicator random variable X t j, for 1 < i k j < k, by 



Xij = I {person i and person j have the same birthd^jty 

!1 if person i and person j have the same birS^y 
0 otherwise . 



May 



By equation (5.6), the probability that two people have matching birthdays is l/n, 
and thus by Lemma 5.1, we have 

E [Xij] = Pr {person i and person j have the same birthday} 
= l/n . 

Letting X be the random variable that counts the number of pairs of individuals 
having the same birthday, we have 
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k k 



* = E E x « • 

\Jaking expectations of both sides and applying linearity of expectation, we obtain 




= E 



0 



k k 



E £ 

_i=\ j=i+l 
k k 

=V£ E 




When £(/c — 1) > 2n, thV^fpre, the expected number of pairs of people with the 
same birthday is at least 1. TJius, if we have at least \[2n + 1 individuals in a room, 
we can expect at least two to ®ve the same birthday. For n = 365, if k = 28, the 
expected number of pairs with the s#me birthday is (28 ■ 27)/(2 ■ 365) rs 1.0356. 
Thus, with at least 28 people, wei^x^ect to find at least one matching pair of birth- 
days. On Mars, where a year is 669^artian days long, we need at least 38 Mar- 
tians. Q 

The first analysis, which used only probabilities, determined the number of peo- 
ple required for the probability to exceed^^2 that a matching pair of birthdays 
exists, and the second analysis, which used meftfiator random variables, determined 
the number such that the expected number oipatching birthdays is 1. Although 
the exact numbers of people differ for the two situations, they are the same asymp- 
totically: 0(V«). 

o 

5.4.2 Balls and bins 

Consider a process in which we randomly toss identical baTi^frito b bins, numbered 
1,2, ... ,b. The tosses are independent, and on each toss the ball is equally likely 
to end up in any bin. The probability that a tossed ball lands in any given bin is l/b. 
Thus, the ball-tossing process is a sequence of Bernoulli trials (see Appendix C.4) 
with a probability l/b of success, where success means that the ball falls in the 
given bin. This model is particularly useful for analyzing hashing (see Chapter 11), 
and we can answer a variety of interesting questions about the ball-tossing process. 
(Problem C-l asks additional questions about balls and bins.) 
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How many balls fall in a given bin? The number of balls that fall in a given bin 
follows the binomial distribution b(k\n,\/b). If we toss n balls, equation (C.37) 
•^Jtells us that the expected number of balls that fall in the given bin is n/b. 

low many balls must we toss, on the average, until a given bin contains a ball? 
lumber of tosses until the given bin receives a ball follows the geometric 
dist^bmion with probability l/b and, by equation (C.32), the expected number of 
tosses'ijOTtil success is \/{\/b) = b. 

Howrnsmy balls must we toss until every bin contains at least one ball? Let us 
call a toss-na^which a ball falls into an empty bin a "hit." We want to know the 
expected numoep n of tosses required to get b hits. 

Using the hits^ye can partition the n tosses into stages. The i th stage consists of 
the tosses after the 0 — l)st hit until the /th hit. The first stage consists of the first 
toss, since we are ^guaranteed to have a hit when all bins are empty. For each toss 
during the ith stage,v — \ bins contain balls and b — i + 1 bins are empty. Thus, 
for each toss in the /trf^rage, the probability of obtaining a hit is (b — i + l)/b. 

Let tii denote the nurrfger of tosses in the z'th stage. Thus, the number of tosses 
required to get b hits is n ^Xlf =1 n f . Each random variable n t has a geometric 
distribution with probability (Sjsuccess (b — i + l)/b and thus, by equation (C.32), 
we have 

em= , b , ■ . *n3 



b - i + 1 ' 
By linearity of expectation, we have 



E[n] = E 



! = 1 



o 



b-i 

i = l 

b 1 

" "El 



+ 1 



= 6 (In 6 + 0(1)) (by equation (A.7)) . 

It therefore takes approximately b In b tosses before we can expect that every bin 
has a ball. This problem is also known as the coupon collector's problem, which 
says that a person trying to collect each of b different coupons expects to acquire 
approximately b In b randomly obtained coupons in order to succeed. 
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5.4.3 Streaks 

rv Suppose you flip a fair coin n times. What is the longest streak of consecutive 
V^iteads that you expect to see? The answer is 0(lg«), as the following analysis 
vSnows. 

Vw£ first prove that the expected length of the longest streak of heads is 0(lg n). 
Theyprobability that each coin flip is a head is 1/2. Let Ajk be the event that a 
strea&Jyf heads of length at least k begins with the z th coin flip or, more precisely, 
the eve [at the k consecutive coin flips i, i + 1, . . . , i + k — 1 yield only heads, 
where 1 < n and 1 < i < n—k + \. Since coin flips are mutually independent, 
for any give^vent A ik , the probability that all k flips are heads is 

Vr{A ik } = 1/2^ (5.8) 

For* = 2pgnl, <* 

Pl'{^i,2[lg«l} = 

< 1/2*V\ 

= 

and thus the probability that i^treak of heads of length at least 2 |"lg ri\ begins in 
position i is quite small. There ^rp^t most n — 2 [lg ri\ + 1 positions where such 
a streak can begin. The probability-ma^ a streak of heads of length at least 2 [lg n~\ 
begins anywhere is therefore \ 

o 

*6 




i = 1 ) i=l 



< 



E 



l/n 2 C> 



= l/n , • (5.9) 

o 

since by Boole's inequality (C.19), the probability of apyon of events is at most 
the sum of the probabilities of the individual events. (Not^Jhat Boole's inequality 
holds even for events such as these that are not independent) 

We now use inequality (5.9) to bound the length of the longest streak. For 
j = 0, 1,2, . . . ,n,let Lj be the event that the longest streak of heads has length ex- 
actly j , and let L be the length of the longest streak. By the definition of expected 
value, we have 

n 

E[L] =£;Pr{L y } . (5.10) 

j=0 
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We could try to evaluate this sum using upper bounds on each Pr{L ; } similar to 
those computed in inequality (5.9). Unfortunately, this method would yield weak 
•^bounds. We can use some intuition gained by the above analysis to obtain a good 
fedpnd, however. Informally, we observe that for no individual term in the sum- 
m^tfon in equation (5.10) are both the factors j and Pr{Ly} large. Why? When 
j ><?fygn~\, then Pr{L ; } is very small, and when j < 2 [lgft~|, then j is fairly 
small. More formally, we note that the events L ; for j = 0, 1, . . . ,n are disjoint, 
and so thpnorobability that a streak of heads of length at least 2 [lg ft] begins any- 
where is ^dj, rig „ 1 Pr {Lj }. By inequality (5.9), we have Y!j=z\i s n\ Pr i L J ) < l / n - 
Also, noting^Jtf T,"=o PT i L j} = 1, we have that ^ s 0 " 1_1 Pi-jL,} < 1. Thus, 
we obtain 

E[L] = j^jK&j} 



2|lgnl-l X 

Pr{Y, 



E J*tv>+ E 



jPr{Lj} 



2[lg«l 



< 



lgn|-l /T\ n 

E (2flg/il)Pr%}+ E " Pr ^> 

"<5 



J=0 ^y< j=2\\ e n] 

2ri g »i-i \S n 

= 2 Tig ft] Pr^^ + VE Pr < L ^ 

< 2rig«l-l+«-(l/«) 

= G(lg«)- ^ 

The probability that a streak of heads exceeds©Hgft] flips diminishes quickly 
with r. For r > 1, the probability that a streak of <jjt least r [lgft] heads stalls in 
position i is • 

PrM,> r ig„i} = 1/2'^ 
< l/n'. 

Thus, the probability is at most n/n r = l/n r ~ 1 that the longest streak is at 
least r [lg ft] , or equivalently, the probability is at least 1 — l/« r_1 that the longest 
streak has length less than r [lg ft] . 

As an example, for n = 1000 coin flips, the probability of having a streak of at 
least 2 [lg n] =20 heads is at most l/n = 1/1000. The chance of having a streak 
longer than 3 [lgft] =30 heads is at most 1/ft 2 = 1/1,000,000. 

We now prove a complementary lower bound: the expected length of the longest 
streak of heads in n coin flips is ^2 (lg n). To prove this bound, we look for streaks 
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of length s by partitioning the n flips into approximately njs groups of s flips 
each. If we choose s = |_(lg n)/2\, we can show that it is likely that at least one 
of these groups comes up all heads, and hence it is likely that the longest streak 
y'^as length at least s = Q(lgn). We then show that the longest streak has expected 
, Wth£2(lg«). 

^repartition the n coin flips into at least [n/ |_(lg n )/2JJ groups of |_(lg«)/2J 
conSarative flips, and we bound the probability that no group comes up all heads. 
By equation (5.8), the probability that the group starting in position i comes up all 
heads i^y^ 

PrMud g «)^l= l/2 L(lg " )/2J 

V> iA/». 

The probability that^ streak of heads of length at least |_(lg«)/2J does not begin 
in position i is therefore' at most 1 — l/^/n. Since the \n/ |_(lg«)/2JJ groups are 
formed from mutually e^plusive, independent coin flips, the probability that every 
one of these groups fans a streak of length |_(lg n)/2J is at most 

(i - i/V^) L " /L(ls " )/2JJ <<^ - i/^) nMgn)/2i ~ 1 

< ft-l/v^f /lg * _1 

< g -(a^n-i)/V» 

= 0{e~y) 
= 0(l/n)S^ 

For this argument, we used inequality (3.12CU + x < e x , and the fact, which you 



might want to verify, that (2n/lg n — 1)/V**fjhlg n f° r sufficiently large n. 
Thus, the probability that the longest streak qS^eeds |_(lg ») /2J is 

Pr {Lj} > 1 - 0(l/n) . . (5.11) 

y=L0g»)/2j+i Q. 

We can now calculate a lower bound on the expected lengjk of the longest streak, 
beginning with equation (5.10) and proceeding in a mannef^lmilar to our analysis 
of the upper bound: 
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E[L] = £yPr{L,} 

\X L0g«)/2J 

^ = E /' Pr ^}+ E ^' Pr ^> 

y=o y=L(te»)/2j+i 
'Orv L0g«)/2J 

E 0-Pr{L 7 }+ L(lg«)/2jPr{L 7 } 

^^ = 0 ./ = L(lg«)/2J + l 

= (XT Pr{L y }+L(lgn)/2j E 

i=L /=L0g«)/2j+l 
> 0 + \Mp{/2\ (1 - 0(1/ n)) (by inequality (5.11)) 

= Q(\gn)>^ 

As with the birthday p^rldox, we can obtain a simpler but approximate analysis 
using indicator random vaf^ibles. We let X t k = I{A/fc} be the indicator random 
variable associated with a sti^k of heads of length at least k beginning with the 
ith coin flip. To count the total ^nber of such streaks, we define 

n-k + l • > 

x = e x * ■ *o v 

Taking expectations and using linearity of-expectation, we have 

\9\ 



E[X] 



'n-k + l 



E 

n-k+l 

= E e m 

i=l 
n-*r+l 

= J] Pr{A ik } 



O 



( = 1 

n-k + l 

E ^ 

(=i 

n-k+l 



2 k 

By plugging in various values for k, we can calculate the expected number of 
streaks of length k. If this number is large (much greater than 1), then we expect 
many streaks of length k to occur and the probability that one occurs is high. If 
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this number is small (much less than 1), then we expect few streaks of length k to 
occur and the probability that one occurs is low. If k = c \gn, for some positive 
\§\ constant c, we obtain 

\> n-clgn + l 

Wj - 2&~n 



n — clgn + 1 

n< 

(g 1 (clg n-\)/n 

= ^ea/n c - 1 ) . 



If c is large, the^pected number of streaks of length c lg n is small, and we con- 
clude that they are u^ikely to occur. On the other hand, if c = 1/2, then we obtain 
E [X] = ©(l/fl 1 / \-^= 0(/i 1/2 ), and we expect that there are a large number 
of streaks of length (i /2jJ lg n . Therefore, one streak of such a length is likely to 
occur. From these rough estimates alone, we can conclude that the expected length 
of the longest streak is ®{jk£} 



5.4.4 The on-line hiring problem 

As a final example, we consider a^^iant of the hiring problem. Suppose now that 
we do not wish to interview all thes^andidates in order to find the best one. We 
also do not wish to hire and fire as we @d better and better applicants. Instead, we 
are willing to settle for a candidate who^JT);lose to the best, in exchange for hiring 
exactly once. We must obey one compan^equirement: after each interview we 
must either immediately offer the position tq^fejapplicant or immediately reject the 
applicant. What is the trade-off between minimizing the amount of interviewing 
and maximizing the quality of the candidate hirea2\ 

We can model this problem in the following way. After meeting an applicant, 
we are able to give each one a score; let score (i) denote-the score we give to the ith 
applicant, and assume that no two applicants receive the same score. After we have 
seen j applicants, we know which of the j has the highest score, but we do not 
know whether any of the remaining n — j applicants will receive a higher score. We 
decide to adopt the strategy of selecting a positive integer k < n, interviewing and 
then rejecting the first k applicants, and hiring the first applicant thereafter who has 
a higher score than all preceding applicants. If it turns out that the best-qualified 
applicant was among the first k interviewed, then we hire the «th applicant. We 
formalize this strategy in the procedure On-Line-Maximum (k, n), which returns 
the index of the candidate we wish to hire. 
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On-Line -Maximum (k, n) 

1 bestscore = — oo 
\$l>fori = 1 tok 

if score (i) > bestscore 

4 (^) . bestscore = score(i) 

5 fojr> = k + 1 to n 

6 ^ score (i ) > bestscore 

7 return ; 

8 return >ffS 

V* 

We wish to determine, for each possible value of k, the probability that we 
hire the most cftiaWied applicant. We then choose the best possible k, and 
implement the strategy with that value. For the moment, assume that k is 
fixed. Let M(j) =Snax t <,-< / - {scoreii)} denote the maximum score among ap- 
plicants 1 through j . Vet^S 1 be the event that we succeed in choosing the best- 
qualified applicant, and 1st & be the event that we succeed when the best-qualified 
applicant is the /th one interviewed. Since the various S t are disjoint, we have 
that Pr {S} = Yli=i P f {Si }■ Noting that we never succeed when the best-qualified 
applicant is one of the first k, ave that Pr {5,} = 0 for i = 1,2, ... ,k. Thus, 
we obtain • > 

Pr{5}= Pr ^ ■ X ( 5 - 12 ) 

t=k+\ o 

We now compute Pr {S,}. In order to svi^^fid when the best-qualified applicant 
is the z'th one, two things must happen. FirsVtpe best-qualified applicant must be 
in position i, an event which we denote by ^jv-'Second, the algorithm must not 
select any of the applicants in positions k + 1 throQhi — 1, which happens only if, 
for each j such that k + 1 < j < i — 1, we find fhat<£core(y' ) < bestscore in line 6. 
(Because scores are unique, we can ignore the possibility of score(j) = bestscore.) 
In other words, all of the values score(k + 1) through (gciore(i — 1) must be less 
than M(k); if any are greater than M(k), we instead reti@ the index of the first 
one that is greater. We use 0, to denote the event that nonj^cf the applicants in 
position k + 1 through i — 1 are chosen. Fortunately, the two events 5, and 0, 
are independent. The event 0, depends only on the relative ordering of the values 
in positions 1 through i — 1, whereas B, depends only on whether the value in 
position i is greater than the values in all other positions. The ordering of the 
values in positions 1 through i — 1 does not affect whether the value in position i 
is greater than all of them, and the value in position i does not affect the ordering 
of the values in positions 1 through i — 1. Thus we can apply equation (C.15) to 
obtain 
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Pr{5,} = Pr{S, n Oi} = Pr{5,}Pr{0,} ■ 

r\ The probability Pr{5,} is clearly l/n, since the maximum is equally likely to 
^ ^e in any one of the n positions. For event 0, to occur, the maximum value in 
sitions 1 through i — 1 , which is equally likely to be in any of these i — 1 positions, 
m&be in one of the first k positions. Consequently, Pr{0 ; } = k/(i — 1) and 
Pr{>#l= k/(n(i — 1)). Using equation (5.12), we have 




We approximate by integrals to^oB^d this summation from above and below. By 
the inequalities (A. 12), we have \^ 

„ r~ x 1 j O 

/ - dx < > - < / - dx . r\ 

Jk x ^—f l J k _i X \V_ 

Evaluating these definite integrals gives us th^_bounds 

k k o„ 

-(Inn -Ink) < Pr{5} < -(ln(n - 1) — ln(Ar , 
n n v 

which provide a rather tight bound for Pr {S}. Becau»e\we wish to maximize our 
probability of success, let us focus on choosing the vahie>of k that maximizes the 
lower bound on Pr {S}. (Besides, the lower-bound expresSfeta is easier to maximize 
than the upper-bound expression.) Differentiating the expression (k / n) (In n — In k) 
with respect to k, we obtain 

— (In n — \nk — 1) . 

n 

Setting this derivative equal to 0, we see that we maximize the lower bound on the 
probability when Ink = Inn — 1 = \n(n/e) or, equivalently, when k = n/e. Thus, 
if we implement our strategy with k = n/e, we succeed in hiring our best-qualified 
applicant with probability at least l/e. 
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Exercises 
.4-1 

w many people must there be in a room before the probability that someone 
sthe same birthday as you do is at least 1/2? How many people must there be 
bei®rc<4he probability that at least two people have a birthday on July 4 is greater 
than *£j 

5.4-2 <S) 

Suppose thtfOve toss balls into b bins until some bin contains two balls. Each toss 
is independen^and each ball is equally likely to end up in any bin. What is the 
expected numbef^f ball tosses? 

5.4-3 * ^ X 

For the analysis of the birthday paradox, is it important that the birthdays be mutu- 
ally independent, or is pajs^ise independence sufficient? Justify your answer. 

5.4-4 * <^ 

How many people should be (JnVited to a party in order to make it likely that there 
are three people with the same {^jthday? 

5.4-5 * 

What is the probability that a /:-strirVWer a set of size n forms a k -permutation? 
How does this question relate to the birthday paradox? 

5.4-6 * 

Suppose that n balls are tossed into n bins, each toss is independent and the 

ball is equally likely to end up in any bin. Whl(t)s the expected number of empty 
bins? What is the expected number of bins with ^x^ctly one ball? 

5.4-7 * v 

Sharpen the lower bound on streak length by showing that in n flips of a fair coin, 
the probability is less than l/n that no streak longer than ig^k— 2 lg lg n consecutive 
heads occurs. 
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Problen^s 

Probabilistic counting 
y^hjL 6-bit counter, we can ordinarily only count up to 2 b — 1. With R. Morris's 
prefbpbilistic counting, we can count up to a much larger value at the expense of 
somert^ss of precision. 

We 1^^ counter value of /' represent a count of «, for z = 0, 1 , . . . , 2 b — 1, where 
the Hi forjrrjan increasing sequence of nonnegative values. We assume that the ini- 
tial value ofpfe counter is 0, representing a count of n 0 = 0. The INCREMENT 
operation wor^son a counter containing the value i in a probabilistic manner. If 
i = 2 b — 1, thejirtfie operation reports an overflow error. Otherwise, the INCRE- 
MENT operation incl^ases the counter by 1 with probability l/(« ;+1 —«,-), and it 
leaves the counter unchanged with probability 1 — l/(« ;+1 — «, ). 

If we select «, = v for all i > 0, then the counter is an ordinary one. More 
interesting situations arise>if we select, say, «, = 2 ,_1 for i > 0 or «, = F t (the 
i th Fibonacci number— se*e\ection 3.2). 

For this problem, assumC that n 2 b_ x is large enough that the probability of an 
overflow error is negligible. 

a. Show that the expected value*^>resented by the counter after n Increment 
operations have been performed ^e^xactly n. 

b. The analysis of the variance of theN^Uint represented by the counter depends 
on the sequence of the Let usVedrkider a simple case: «, = 100/ for 
all i > 0. Estimate the variance in the value represented by the register after n 
Increment operations have been perfom*«i. 



5-2 Searching an unsorted array 
This problem examines three alg 
array A consisting of n elements 



This problem examines three algorithms for searchiflg fp^r a value x in an unsorted 



Consider the following randomized strategy: pick a lorn index i into A. If 
A[i] — x, then we terminate; otherwise, we continue the search by picking a new 
random index into A. We continue picking random indices into A until we find an 
index j such that A[j] = x or until we have checked every element of A. Note 
that we pick from the whole set of indices each time, so that we may examine a 
given element more than once. 



a. Write pseudocode for a procedure Random-Search to implement the strat- 
egy above. Be sure that your algorithm terminates when all indices into A have 
been picked. 
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b. Suppose that there is exactly one index i such that A[i] = x. What is the 
expected number of indices into A that we must pick before we find x and 
Random-Search terminates? 

V 

cf ^-Generalizing your solution to part (b), suppose that there are k > 1 indices i 
siijgia that A[i] = x. What is the expected number of indices into A that we 
mtis^pick before we find x and Random-Search terminates? Your answer 
shouia-be a function of n and k. 

d. Suppose^natjiiere are no indices i such that A[i] = x. What is the expected 
number ces into A that we must pick before we have checked all elements 
of A and RA'KlbOM-SEARCH terminates? 

Now consider a deterministic linear search algorithm, which we refer to as 
Deterministic-Search. Specifically, the algorithm searches A for x in order, 
considering A[\], A[2],AJ($\, . . . , A[n] until either it finds A[i] = x or it reaches 
the end of the array. Asshrafe that all possible permutations of the input array are 
equally likely. 

e. Suppose that there is exac one index i such that A[i] = x. What is the 
average-case running time of Deterministic-Search? What is the worst- 
case running time of DetermiSI^i^-Search? 

/ Generalizing your solution to part (^)suppose that there are k > 1 indices i 
such that A[i] = x. What is the averageg^se running time of DETERMINISTIC- 
Search? What is the worst-case mnMgrtyne of Deterministic-Search? 
Your answer should be a function of n ancT^^ 

g. Suppose that there are no indices i such that ^4^?^? x. What is the average-case 
running time of Deterministic-Search? What is the worst-case running 
time of Deterministic-Search? • 

o 

Finally, consider a randomized algorithm Scramble-^\rch that works by 
first randomly permuting the input array and then running^jJje deterministic lin- 
ear search given above on the resulting permuted array. 

h. Letting k be the number of indices i such that A[i] = x, give the worst-case and 
expected running times of Scramble-Search for the cases in which k = 0 
and k = 1. Generalize your solution to handle the case in which k > 1. 



i. Which of the three searching algorithms would you use? Explain your answer. 
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Chapter, notes 

'^ollobas [53], Hofri [174], and Spencer [321] contain a wealth of advanced prob- 
al^lisjic techniques. The advantages of randomized algorithms are discussed and 
sunned by Karp [200] and Rabin [288]. The textbook by Motwani and Raghavan 
[262](^ves an extensive treatment of randomized algorithms. 

Seve^ variants of the hiring problem have been widely studied. These problems 
are more^erVnmonly referred to as "secretary problems." An example of work in 
this area is x ni^^aper by Ajtai, Meggido, and Waarts [11]. 
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This part presents several a^&rithms that solve the following sorting problem : 



Introduction N ^\ 

Input: A sequence of n numbers {a lt a 2 , ■ ■ ■ , a n ). 

Output: A permutation (reorderitfgy ( '„) of the input sequence such 

thatai < a' 2 < ••• < a' n . \S 

The input sequence is usually an n- el<Qej it array, although it may be represented 
in some other fashion, such as a linked \&?C 

The structure of the data '^(3 

In practice, the numbers to be sorted are rarely iso^ed values. Each is usually part 
of a collection of data called a record. Each recorjj contains a key, which is the 
value to be sorted. The remainder of the record consisljg^f satellite data, which are 
usually carried around with the key. In practice, when a sorting algorithm permutes 
the keys, it must permute the satellite data as well. If eac^^ecord includes a large 
amount of satellite data, we often permute an array of pointers to the records rather 
than the records themselves in order to minimize data movement. 

In a sense, it is these implementation details that distinguish an algorithm from 
a full-blown program. A sorting algorithm describes the method by which we 
determine the sorted order, regardless of whether we are sorting individual numbers 
or large records containing many bytes of satellite data. Thus, when focusing on the 
problem of sorting, we typically assume that the input consists only of numbers. 
Translating an algorithm for sorting numbers into a program for sorting records 
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is conceptually straightforward, although in a given engineering situation other 
subtleties may make the actual programming task a challenge. 

^hy sorting? 

Maf^Womputer scientists consider sorting to be the most fundamental problem in 
the sttfJ^of algorithms. There are several reasons: 

• Some(^es an application inherently needs to sort information. For example, 
in ordef^ prepare customer statements, banks need to sort checks by check 
number, 



Algorithms often use sorting as a key subroutine. For example, a program that 
renders graphifcjl^ objects which are layered on top of each other might have 
to sort the objec£§according to an "above" relation so that it can draw these 
objects from bottofi^o top. We shall see numerous algorithms in this text that 
use sorting as a subroutine. 



• We can draw from amo^g^a wide variety of sorting algorithms, and they em- 
ploy a rich set of techniques. In fact, many important techniques used through- 
out algorithm design appeal^ the body of sorting algorithms that have been 
developed over the years. In this&vay, sorting is also a problem of historical 
interest. 

• We can prove a nontrivial lower boandfor sorting (as we shall do in Chapter 8). 
Our best upper bounds match the lowerbound asymptotically, and so we know 
that our sorting algorithms are asymptotically optimal. Moreover, we can use 
the lower bound for sorting to prove lowe^ounds for certain other problems. 

• Many engineering issues come to the foreSyhen implementing sorting algo- 
rithms. The fastest sorting program for a particular situation may depend on 
many factors, such as prior knowledge about me keys and satellite data, the 
memory hierarchy (caches and virtual memory) of the host computer, and the 
software environment. Many of these issues are beskdealt with at the algorith- 
mic level, rather than by "tweaking" the code. O A 

Sorting algorithms 

We introduced two algorithms that sort n real numbers in Chapter 2. Insertion sort 
takes 0(« 2 ) time in the worst case. Because its inner loops are tight, however, 
it is a fast in-place sorting algorithm for small input sizes. (Recall that a sorting 
algorithm sorts in place if only a constant number of elements of the input ar- 
ray are ever stored outside the array.) Merge sort has a better asymptotic running 
time, &(n Ign), but the Merge procedure it uses does not operate in place. 



Part 11 Sorting and Order Statistics 



149 



In this part, we shall introduce two more algorithms that sort arbitrary real num- 
bers. Heapsort, presented in Chapter 6, sorts n numbers in place in 0(n lg n) time. 
\§\ It uses an important data structure, called a heap, with which we can also imple- 
V'nient a priority queue. 

rO£)uicksort, in Chapter 7, also sorts n numbers in place, but its worst-case running 
tir^eSs &(n 2 ). Its expected running time is @(nlgn), however, and it generally 
outp*ef#Brms heapsort in practice. Like insertion sort, quicksort has tight code, and 
so the hidden constant factor in its running time is small. It is a popular algorithm 
for sortihgiarge input arrays. 

Insertion sort, merge sort, heapsort, and quicksort are all comparison sorts: they 
determine the serted order of an input array by comparing elements. Chapter 8 be- 
gins by introducing the decision-tree model in order to study the performance limi- 
tations of compamop sorts. Using this model, we prove a lower bound of £2 (n lg n) 
on the worst-case sunning time of any comparison sort on n inputs, thus showing 
that heapsort and m^e .sort are asymptotically optimal comparison sorts. 

Chapter 8 then goes(gn to show that we can beat this lower bound of £l{n lg n) 
if we can gather informan^n about the sorted order of the input by means other 
than comparing elements, counting sort algorithm, for example, assumes that 
the input numbers are in fhe(|§t {0,1, ... ,k}. By using array indexing as a tool 
for determining relative order, counting sort can sort n numbers in &(k + n) time. 
Thus, when k = 0(n), countingtf>SVt runs in time that is linear in the size of the 
input array. A related algorithm, ra^iix sort, can be used to extend the range of 
counting sort. If there are n integers *o\sort, each integer has d digits, and each 
digit can take on up to k possible valup\ then radix sort can sort the numbers 
in &(d(n + k)) time. When d is a constant and k is 0(n), radix sort runs in 
linear time. A third algorithm, bucket sort, features knowledge of the probabilistic 
distribution of numbers in the input array, ft-can sort n real numbers uniformly 
distributed in the half-open interval [0, 1) in aver^j^-case 0(n) time. 

The following table summarizes the running times»of the sorting algorithms from 
Chapters 2 and 6-8. As usual, n denotes the number o^j^ems to sort. For counting 
sort, the items to sort are integers in the set {0, 1, ... , &}Oor radix sort, each item 
is a d -digit number, where each digit takes on k possible^j^ues. For bucket sort, 
we assume that the keys are real numbers uniformly distributed in the half-open 
interval [0, 1). The rightmost column gives the average-case or expected running 
time, indicating which it gives when it differs from the worst-case running time. 
We omit the average-case running time of heapsort because we do not analyze it in 
this book. 
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Algorithm 



Worst-case 
running time 



Average-case/expected 
running time 



t^n^ertion sort 
m^rge sort 




&(n 2 ) 
@(wlg«) 
0(n lgn) 
@(n 2 ) 
®(k + n) 
®(d(n + k)) 
®(n 2 ) 



®(n 2 ) 
®(n lgn) 



© {it lg n ) (expected) 
®(k + n) 
®(d(n + k)) 
®(n) (average-case) 



The ith order statrsiic^f a set of n numbers is the zth smallest number in the set. 
We can, of course, select, the ith order statistic by sorting the input and indexing 
the zth element of the\5utput. With no assumptions about the input distribution, 
this method runs in Q(n Igzz} time, as the lower bound proved in Chapter 8 shows. 

In Chapter 9, we show tt^a* we can find the zth smallest element in 0(n) time, 
even when the elements are arbitrary real numbers. We present a randomized algo- 
rithm with tight pseudocode th^^uns in 0(zz 2 ) time in the worst case, but whose 
expected running time is 0(ri). We also give a more complicated algorithm that 
runs in 0(n) worst-case time. 

< 

Background Q 



Although most of this part does not rely N on difficult mathematics, some sections 
do require mathematical sophistication. In particular, analyses of quicksort, bucket 
sort, and the order-statistic algorithm use probability, which is reviewed in Ap- 
pendix C, and the material on probabilistic analysisjuid randomized algorithms in 
Chapter 5. The analysis of the worst-case linear-ttme algorithm for order statis- 
tics involves somewhat more sophisticated mathematics than the other worst-case 
analyses in this part. 





6 'Heapsort 

In this chapter, we^ntroduce another sorting algorithm: heapsort. Like merge sort, 
but unlike insertion^prt, heapsort's running time is 0(n lg/i). Like insertion sort, 
but unlike merge sorU heapsort sorts in place: only a constant number of array 
elements are stored outeide the input array at any time. Thus, heapsort combines 
the better attributes of metwo sorting algorithms we have already discussed. 

Heapsort also introduces'aftother algorithm design technique: using a data struc- 
ture, in this case one we calKa Vheap," to manage information. Not only is the heap 
data structure useful for heapsort, but it also makes an efficient priority queue. The 
heap data structure will reappea* inalgorithms in later chapters. 

The term "heap" was originally©ined in the context of heapsort, but it has since 
come to refer to "garbage-collected^rorage," such as the programming languages 
Java and Lisp provide. Our heap datajsfructure is not garbage-collected storage, 
and whenever we refer to heaps in this b^pk, we shall mean a data structure rather 
than an aspect of garbage collection. \§\ 

°x 

6.1 Heaps 

• 

The (binary) heap data structure is an array objd^tVthat we can view as a 
nearly complete binary tree (see Section B.5.3), as sh@n in Figure 6.1. Each 
node of the tree corresponds to an element of the etrffy The tree is com- 
pletely filled on all levels except possibly the lowest, which is filled from the 
left up to a point. An array A that represents a heap is an object with two at- 
tributes: A. length, which (as usual) gives the number of elements in the array, and 
A. heap-size, which represents how many elements in the heap are stored within 
array A. That is, although A[l . . A. length] may contain numbers, only the ele- 
ments in A[l . . A. heap-size], where 0 < A. heap-size < A. length, are valid ele- 
ments of the heap. The root of the tree is A[l], and given the index ; of a node, we 
can easily compute the indices of its parent, left child, and right child: 
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Figure 6.1 A ma^h^ap viewed as (a) a binary tree and (b) an array. The number within the circle 
at each node in the tre$fji*he value stored at that node. The number above a node is the corresponding 
index in the array. Abov«<and below the array are lines showing parent-child relationships; parents 
are always to the left of tneinchildren. The tree has height three; the node at index 4 (with value 8) 
has height one. 
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Parent (z) 

1 return [i/2\ 

Left(z') 

1 return 2i 

Right (?) 

1 return 2i + 1 



6 



On most computers, the Left procedure cah v c6mpute 2z in one instruction by 
simply shifting the binary representation of i left hy&ne bit position. Similarly, the 
Right procedure can quickly compute 2i + 1 by shifting the binary representation 
of i left by one bit position and then adding in a f as the low-order bit. The 
Parent procedure can compute \i/2\ by shifting i righrone bit position. Good 
implementations of heapsort often implement these proceouK^ as "macros" or "in- 
line" procedures. <0 

There are two kinds of binary heaps: max-heaps and min-heaps. In both kinds, 
the values in the nodes satisfy a heap property, the specifics of which depend on 
the kind of heap. In a max-heap, the max-heap property is that for every node i 
other than the root, 



A [Parent (/)] > A[i] 



that is, the value of a node is at most the value of its parent. Thus, the largest 
element in a max-heap is stored at the root, and the subtree rooted at a node contains 
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values no larger than that contained at the node itself. A min-heap is organized in 
the opposite way; the min-heap property is that for every node i other than the 

y^arentO')] < A[i] . 

Th*i1jmallest element in a min-heap is at the root. 

Fo^he heapsort algorithm, we use max-heaps. Min-heaps commonly imple- 
ment p^ity queues, which we discuss in Section 6.5. We shall be precise in 
specifying'Whether we need a max-heap or a min-heap for any particular applica- 
tion, and wpeXproperties apply to either max-heaps or min-heaps, we just use the 
term "heap. ^ 

Viewing a h€apv as a tree, we define the height of a node in a heap to be the 
number of edges onXjie longest simple downward path from the node to a leaf, and 
we define the height of the heap to be the height of its root. Since a heap of n ele- 
ments is based on a csmglete binary tree, its height is 0(lg«) (see Exercise 6.1-2). 
We shall see that the bask operations on heaps run in time at most proportional 
to the height of the tree a^d^Jhus take 0{\gn) time. The remainder of this chapter 
presents some basic procedures and shows how they are used in a sorting algorithm 
and a priority-queue data stru^re. 

• The Max-Heapify procedur^^hich runs in 0(lg n) time, is the key to main- 
taining the max-heap property. ^> 

• The Build-Max-Heap procedur^T^hich runs in linear time, produces a max- 
heap from an unordered input array. 

• The Heapsort procedure, which ru 0(n\gri) time, sorts an array in 
place. v/O 

• The Max-Heap-Insert, Heap-Extract^ax, Heap-Increase-Key, 
and Heap-Maximum procedures, which runMn O(lgn) time, allow the heap 
data structure to implement a priority queue. • 

Exercises 
6.1-1 

What are the minimum and maximum numbers of elements in a heap of height hi 
6.1-2 

Show that an « -element heap has height j_lg n\ . 
6.1-3 

Show that in any subtree of a max-heap, the root of the subtree contains the largest 
value occurring anywhere in that subtree. 
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6.1-4 

. Where in a max-heap might the smallest element reside, assuming that all elements 
•^are distinct? 



Is M^ay that is in sorted order a min-heap? 
6.1-6 0 

Is the arr^J)with values (23, 17, 14, 6, 13, 10, 1, 5, 7, 12) a max-heap? 

V 

<U-7 V>' 

Show that, wiuvfke array representation for storing an n -element heap, the leaves 
are the nodes induced by [n/2\ + 1, [n/2\ + 2, . . . , n. 

C 

6^2 Maintaining the heap proper^ , 



In order to maintain the max-heap property, we call the procedure Max-Heapify. 
Its inputs are an array A and aiJSnidex i into the array. When it is called, Max- 
Heapify assumes that the binary«trees rooted at Left(z') and Right (/') are max- 
heaps, but that A[i] might be smalle v f3han its children, thus violating the max-heap 
property. Max-Heapify lets the vat^e at A[i] "float down" in the max-heap so 
that the subtree rooted at index i obeys tfie) max-heap property. 



Max-Heapify (A,i) 

1 / = Left(z') 

2 r = Right (?) Q 

3 if I < A. heap-size and A[l] > A[i] ^\ 

4 largest = I 

5 else largest = i 

6 if r < A. heap-size and A[r] > A[largest] 
1 largest = r 

8 if largest ^ i 

9 exchange A[i] with A[largest] 
10 Max-Heapify (A, largest) 



Figure 6.2 illustrates the action of Max-Heapify. At each step, the largest of 
the elements A[i], /4 [LEFT (?')], and A [RIGHT (/')] is determined, and its index is 
stored in largest. If A[i] is largest, then the subtree rooted at node i is already a 
max-heap and the procedure terminates. Otherwise, one of the two children has the 
largest element, and A[i] is swapped with A[largest], which causes node i and its 
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Figure 6.2 The action of MAX-HEAPIF^fl, 2), where A. heap-size = 10. (a) The initial con- 
figuration, with A [2] at node i = 2 violatin^^ie max-heap property since it is not larger than 
both children. The max-heap property is restored-for node 2 in (b) by exchanging A[2] with A [4], 
which destroys the max-heap property for nod&JtTThe recursive call MAX-HEAPIFY(^1, 4) now 
has ( = 4. After swapping A[4] with A[9], as showrKUi (f), node 4 is fixed up, and the recursive call 
Max-Heapify(j4, 9) yields no further change to tha(d@ structure. 

o 



children to satisfy the max-heap property. The n«de indexed by largest, however, 
now has the original value A[i], and thus the subtreecooted at largest might violate 
the max-heap property. Consequently, we call Max-^^apify recursively on that 
subtree. Q 

The running time of Max-Heapify on a subtree of n rooted at a given 
node i is the 0(1) time to fix up the relationships among the elements A[i], 
A[LEFJ(i)], and ^4 [Right (/)], plus the time to run Max-Heapify on a subtree 
rooted at one of the children of node i (assuming that the recursive call occurs). 
The children's subtrees each have size at most 2n/3— the worst case occurs when 
the bottom level of the tree is exactly half full— and therefore we can describe the 
running time of Max-Heapify by the recurrence 



T(n) < T(2n/3) + 0(1) . 
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The solution to this recurrence, by case 2 of the master theorem (Theorem 4.1), 
s is T(n) = 0(\gn). Alternatively, we can characterize the running time of Max- 
•^Meapify on a node of height h as 0(h). 



Using Piaare 6.2 as a model, illustrate the operation of Max-Heapify (^4, 3) on 
the array bTj <27, 17,3, 16, 13, 10, 1,5,7, 12,4,8,9,0). 

6.2-2 \f' 

Starting with tl^Qirocedure Max-Heapify, write pseudocode for the procedure 
Min-Heapify (A\§), which performs the corresponding manipulation on a min- 
heap. How does the^r-unning time of Min-Heapify compare to that of Max- 
Heapify? v>* 

V 

6.2-3 K S 

What is the effect of calling>M^X-HEAPlFY(^, i) when the element A[i] is lai'ger 
than its children? ^ ^ 

6.2-4 • > 

What is the effect of calling Max-I(2KpJFY(^, i) for i > A. heap- size / 21 
6.2-5 \) 

The code for Max-Heapify is quite efrToreYit in terms of constant factors, except 
possibly for the recursive call in line lOrwWch might cause some compilers to 
produce inefficient code. Write an efficient M^Sc-Heapify that uses an iterative 
control construct (a loop) instead of recursion, 

6.2-6 

Show that the worst-case running time of Max-Hbapify on a heap of size n 
is Q(lgn). (Hint: For a heap with n nodes, give nod^_^alues that cause Max- 
Heapify to be called recursively at every node on a sii@le path from the root 
down to a leaf.) 



6.3 Building a heap 



We can use the procedure Max-Heapify in a bottom-up manner to convert an 
array ^4[1 . .n], where n = A. length, into a max-heap. By Exercise 6.1-7, the 
elements in the subarray ^[([«/2j + 1) . . n] are all leaves of the tree, and so each is 
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a 1-element heap to begin with. The procedure Build-Max-Heap goes through 
the remaining nodes of the tree and runs Max-Heapify on each one. 

^uild-Max-Heap (A) 

W) A. heap-size = A. length 
2\f&i = [A. length /2J down to 1 
3 ^^Max-HeapifyC^, i) 

Figure shows an example of the action of Build-Max-Heap. 

To shoXty'why Build-Max-Heap works correctly, we use the following loop 
invariant: \^ 

At the starrokeach iteration of the for loop of lines 2-3, each node i + 1, 
i + 2, . . . , n rs tjae root of a max-heap. 



We need to show that^hls invariant is true prior to the first loop iteration, that each 
iteration of the loop maintains the invariant, and that the invariant provides a useful 
property to show correctness when the loop terminates. 

Initialization: Prior to thd(^rst iteration of the loop, i = \n/2\. Each node 

is a leaf and is thus the root of a trivial max-heap. 

Maintenance: To see that each*itejation maintains the loop invariant, observe that 
the children of node i are numbered higher than i. By the loop invariant, there- 
fore, they are both roots of max-l^aps. This is precisely the condition required 
for the call Max-Heapify (A, i) txjjtaake node i a max-heap root. Moreover, 

the Max-Heapify call preserves fh^^roperty that nodes i + \,i + 2 n 

are all roots of max-heaps. Decrementit^V in the for loop update reestablishes 
the loop invariant for the next iteration. 

Termination: At termination, i = 0. By the loa^ invariant, each node 1,2, ... ,n 
is the root of a max-heap. In particular, node Kis. 

We can compute a simple upper bound on the running time of B uild-Max- 
Heap as follows. Each call to Max-Heapify costsMlQgw) time, and Build- 
Max-Heap makes 0(n) such calls. Thus, the running-rime is 0(n\gn). This 
upper bound, though correct, is not asymptotically tight. \? 

We can derive a tighter bound by observing that the time for Max-Heapify to 
run at a node varies with the height of the node in the tree, and the heights of most 
nodes are small. Our tighter analysis relies on the properties that an n -element heap 
has height [lg n\ (see Exercise 6.1-2) and at most [n/2' !+1 ] nodes of any height h 
(see Exercise 6.3-3). 

The time required by Max-Heapify when called on a node of height h is 0(h), 
and so we can express the total cost of Build-Max-Heap as being bounded from 
above by 
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Figure 6.3 The operation of Build-Max-Heap, showing the data structure before the call to 
MAX-HEAPIFY in line 3 of Build-Max-Heap, (a) A 10-element input array A and the bi- 
nary tree it represents. The figure shows that the loop index i refers to node 5 before the call 
Max-Heapify(/4, i). (b) The data structure that results. The loop index i for the next iteration 
refers to node 4. (c)-(e) Subsequent iterations of the for loop in Build-Max-Heap. Observe that 
whenever MAX-HEAPIFY is called on a node, the two subtrees of that node are both max-heaps. 
(f) The max-heap after Build-Max-Heap finishes. 



6.4 The heapsort algorithm 159 

^> 

h=0 \ h=0 ' 

~^^ft evalaute the last summation by substituting x = 1/2 in the formula (A.8), 
Jtj&Ljrig 

£z^o (1 - 1/2)2 

Thus, we cal^ound the running time of Build-Max-Heap as 

o( n E|)%o(„f;A) 

\ h=0 / v \» V h=0 / 

= ^). 

Hence, we can build a m^heap from an unordered array in linear time. 

We can build a min-hea^iy the procedure Build-Min-Heap, which is the 
same as Build -Max -Heap ^ with the call to Max-Heapify in line 3 replaced 
by a call to Min-Heapify (see Exercise 6.2-2). Build-Min-Heap produces a 
min-heap from an unordered lineararray in linear time. 

V 

Exercises Q 
6.3-1 v9* 

Using Figure 6.3 as a model, illustrate the operation of Build-Max-Heap on the 
array A = (5, 3, 17, 10, 84, 19, 6, 22, 9). 

6.3-2 

Why do we want the loop index in line 2 of Build^Max-Heap to decrease from 
[A . length /2J to 1 rather than increase from 1 to [A. IffTgth /2J ? 

6.3-3 Q»> 

Show that there are at most \n /2 h+1 ~\ nodes of height h in^ny n -element heap. 



6.4 The heapsort algorithm 

The heapsort algorithm starts by using Build-Max-Heap to build a max-heap 
on the input array where n = A. length. Since the maximum element 

of the array is stored at the root A[\\, we can put it into its correct final position 
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by exchanging it with A[n]. If we now discard node n from the heap— and we 
can do so by simply decrementing A. heap-size— we observe that the children of 
•^ftie root remain max-heaps, but the new root element might violate the max-heap 
fifoperty. All we need to do to restore the max-heap property, however, is call 
Ma^-Heapify(^4, 1), which leaves a max-heap in A[l . .n — 1]. The heapsort 
algoj^mm then repeats this process for the max-heap of size n — 1 down to a heap 
of size ^(See Exercise 6.4-2 for a precise loop invariant.) 

Heapsor^*!) 

1 Build-ICuk'-Heap(^) 

2 for i = A. hifogth down to 2 

3 exchange'S^tl] with A[i] 

4 A . heap-size A . heap-size — 1 

5 Max-Heap>fy/<4, 1) 

Figure 6.4 shows an example of the operation of HEAPSORT after line 1 has built 
the initial max-heap. The ^Ure shows the max-heap before the first iteration of 
the for loop of lines 2-5 and (Jfter each iteration. 

The Heapsort procedure ta^s time 0(n lg n), since the call to Build-Max- 
Heap takes time 0{n) and eacb of> the n — 1 calls to Max-Heapify takes 
time 0(lgn). »Q 

Exercises O 
6.4-1 

Using Figure 6.4 as a model, illustrate the operation of HEAPSORT on the array 
A = (5, 13,2,25,7, 17,20, 8,4). O 

6.4-2 

Argue the correctness of HEAPSORT using the following loop invariant: 

o 

At the start of each iteration of the for loop of lin^S^2-5, the subarray 
A[l . . i] is a max-heap containing the i smallest element^Jof A[\ . .«], and 
the subarray A[i + 1 . .n] contains the n — i largest elements of A[\ , , n], 
sorted. 



6.4-3 

What is the running time of HEAPSORT on an array A of length n that is already 
sorted in increasing order? What about decreasing order? 

6.4-4 

Show that the worst-case running time of HEAPSORT is Q(n lg n). 




Figure 6.4 The operation of HEAPSORT. (a) The max-heap data structure just after BuiLD-MAX- 
Heap has built it in line 1. (b)-(j) The max-heap just after each call of MAX-HEAPIFY in line 5, 
showing the value of i at that time. Only lightly shaded nodes remain in the heap, (k) The resulting 
sorted array A. 
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^ 6.4-5 * 

. Show that when all elements are distinct, the best-case running time of HEAPSORT 

2u 

6^5 Priority queij^ 

Heapsort excellent algorithm, but a good implementation of quicksort, pre- 
sented in Compter 7, usually beats it in practice. Nevertheless, the heap data struc- 
ture itself hasXmgry uses. In this section, we present one of the most popular ap- 
plications of a h§ap: as an efficient priority queue. As with heaps, priority queues 
come in two forrrJ^max-priority queues and min-priority queues. We will focus 
here on how to implement max -priority queues, which are in turn based on max- 
heaps; Exercise 6.5-3 h£&s vou to write the procedures for min-priority queues. 

A priority queue is a ((lata structure for maintaining a set S of elements, each 
with an associated value catj^d a key. A max-priority queue supports the following 
operations: 

Insert(5, x) inserts the elemer^x into the set S, which is equivalent to the oper- 
ation S = S U {x}. 




Maximum (S) returns the element aT5>with the largest key. 

Extract-Max (S) removes and return^l) 16 element of S with the largest key. 

Increase-Key (S, x , k) increases the valiteW element x 's key to the new value k, 
which is assumed to be at least as large as\» s»current key value. 

*o 

Among their other applications, we can use ^ffcp-priority queues to schedule 
jobs on a shared computer. The max-priority que^e keeps track of the jobs to 
be performed and their relative priorities. When a job is finished or interrupted, 
the scheduler selects the highest-priority job from amongHbose pending by calling 
Extract-Max. The scheduler can add a new job to rfp>.queue at any time by 
calling Insert. 

Alternatively, a min-priority queue supports the operationsVmsERT, Minimum, 
Extract-Min, and Decrease-Key. A min-priority queue can be used in an 
event-driven simulator. The items in the queue are events to be simulated, each 
with an associated time of occurrence that serves as its key. The events must be 
simulated in order of their time of occurrence, because the simulation of an event 
can cause other events to be simulated in the future. The simulation program calls 
Extract-Min at each step to choose the next event to simulate. As new events are 
produced, the simulator inserts them into the min-priority queue by calling INSERT. 
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We shall see other uses for min-priority queues, highlighting the Decrease-Key 
operation, in Chapters 23 and 24. 

Not suiprisingly, we can use a heap to implement a priority queue. In a given ap- 
V'nhcation, such as job scheduling or event-driven simulation, elements of a priority 
crafoue correspond to objects in the application. We often need to determine which 
apprisation object corresponds to a given priority-queue element, and vice versa. 
Whelioye use a heap to implement a priority queue, therefore, we often need to 
store a handle to the corresponding application object in each heap element. The 
exact makeup of the handle (such as a pointer or an integer) depends on the ap- 
plication. iSimilarly, we need to store a handle to the corresponding heap element 
in each apphcarion object. Here, the handle would typically be an array index. 
Because heap elements change locations within the array during heap operations, 
an actual implementation, upon relocating a heap element, would also have to up- 
date the array inde* in Jhe corresponding application object. Because the details 
of accessing applica^mobjects depend heavily on the application and its imple- 
mentation, we shall noCpUfsue them here, other than noting that in practice, these 
handles do need to be colJrefctly maintained. 

Now we discuss how to implement the operations of a max-priority queue. The 
procedure Heap-Maximum (S^plements the Maximum operation in 0(1) time. 

Heap-Maximum (A) 

1 return A[l] y"^ 

o 

The procedure HEAP-ExTRACT-MAjQmplements the Extract-Max opera- 
tion. It is similar to the for loop body (lme^lj-5) of the HEAPSORT procedure. 

Heap-Extract-Max (A) Q 

1 if A. heap-size < 1 ^\ 

2 error "heap underflow" 

3 max = A[\\ 

4 A\l] = A[A. heap-size] 

5 A . heap-size = A . heap-size — 1 

6 Max-Heapify(^, 1) 

7 return max 



The running time of Heap-Extract-Max is O(lgn), since it performs only a 
constant amount of work on top of the 0(lg n) time for Max-Heapify. 

The procedure Heap-Increase-Key implements the Increase-Key opera- 
tion. An index i into the array identifies the priority-queue element whose key we 
wish to increase. The procedure first updates the key of element A[i] to its new 
value. Because increasing the key of A[i] might violate the max-heap property, 
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the procedure then, in a manner reminiscent of the insertion loop (lines 5-7) of 
Insertion-Sort from Section 2.1, traverses a simple path from this node toward 
\jrne root to find a proper place for the newly increased key. As HEAP-lNCREASE- 
•K^Y traverses this path, it repeatedly compares an element to its parent, exchang- 
inrtijeir keys and continuing if the element's key is larger, and terminating if the el- 
ement's key is smaller, since the max-heap property now holds. (See Exercise 6.5-5 
for a plj^se loop invariant.) 

Heap-IncR£ASE-Key(^, i,key) 

1 if key 

2 error ,pdw key is smaller than current key" 

3 A[i] = key S 

4 while i > 1 ana ^(Parent(z')] < A[i] 

5 exchange A[ir] with ,4[Parent(0] 

6 i = Parent(£)^ 

Figure 6.5 shows an examp^of a Heap-Increase-Key operation. The running 
time of HEAP-lNCREASE-K^Y on an n-element heap is 0{\gn), since the path 
traced from the node updated irv^the 3 to the root has length 0(lg n). 

The procedure Max-Heap-Insert, implements the Insert operation. It takes 
as an input the key of the new elem^n])to be inserted into max-heap A. The proce- 
dure first expands the max-heap by adding to the tree a new leaf whose key is — oo. 
Then it calls Heap-Increase-Key to (g): the key of this new node to its correct 
value and maintain the max-heap property^^ 

Max-Heap-Insert {A, key) ^0 

1 A. heap-size = A, heap-size + 1 Q 

2 A[A. heap-size] = — oo ^\ 

3 Heap-Increase-Key (A, A. heap-size, key) 

The running time of Max-Heap-Insert on an « -element-heap is 0(lg n). 

In summary, a heap can support any priority-queue opeVdion on a set of size n 
in 0{\gn) time. V* 



Exercises 
6.5-1 

Illustrate the operation of Heap-Extract-Max on the heap A = (15, 13, 9, 5, 
12,8,7,4,0,6,2, 1). 
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(b) 




(d) 



Figure 6.5 The operation of Heap-Incrbase-Key. (a) The max-heap of Figure 6.4(a) with a 
node whose index is ; heavily shaded, (b) This node has its key increased to 15. (c) After one 
iteration of the while loop of lines 4-6, the node^^its parent have exchanged keys, and the index i 
moves up to the parent, (d) The max-heap after onar fiifc>re iteration of the while loop. At this point, 
j4[Parent(z')] > A[i]. The max-heap property now m^i^and the procedure terminates. 

6.5-2 <A 

Illustrate the operation of Max-Heap-Insert(,4, 10) on the heap A = (15, 13, 9, 
5,12,8,7,4,0,6,2,1). *q 

6.5-3 

Write pseudocode for the procedures Heap-Minimum, ^eap-Extract-Min, 
Heap-Decrease-Key, and Min-Heap-Insert that implement a min-priority 
queue with a min-heap. 

6.5-4 

Why do we bother setting the key of the inserted node to — oo in line 2 of Max- 
Heap-Insert when the next thing we do is increase its key to the desired value? 
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6.5-5 

. Argue the correctness of Heap-Increase-Key using the following loop invari- 

t the start of each iteration of the while loop of lines 4-6, the subarray 
fti*. . A . heap-size] satisfies the max-heap property, except that there may 
bexnne violation: A[i] may be larger than A [Parent (/')]. 

You may(^kume that the subarray A[l . . A. heap-size] satisfies the max-heap prop- 
erty at the tiipe Heap-Increase-Key is called. 

6.5-6 

Each exchange Spffl^tion on line 5 of Heap-Increase-Key typically requires 
three assignments. S^pw how to use the idea of the inner loop of INSERTION- 
SORT to reduce the threjj assignments down to just one assignment. 

6.5-7 <\ 

Show how to implement a^ffrst-in, first-out queue with a priority queue. Show 
how to implement a stack wil^a priority queue. (Queues and stacks are defined in 
Section 10.1.) 0 

6.5-8 *^ 

The operation Heap-Delete (^4, /) qej^es the item in node i from heap A. Give 
an implementation of Heap-Delete \bat runs in 0(lgn) time for an w-element 
max-heap. ^ 

6.5-9 VS> 

Give an 0(n lg A:) -time algorithm to mergeVA^orted lists into one sorted list, 
where n is the total number of elements in all t^e)input lists. {Hint: Use a min- 
heap for A>way merging.) 

• 

% 
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6-1 Building a heap using insertion 

We can build a heap by repeatedly calling Max-Heap-Insert to insert the ele- 
ments into the heap. Consider the following variation on the Build-Max-Heap 
procedure: 
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Build-Max-Heap' (A) 

1 A. heap-size = 1 
for / = 2 to A. length 
^ Max-Heap-Insert (A,A[i]) 

a. vDjD the procedures Build-Max-Heap and Build-Max-Heap always create 

th&^ame heap when run on the same input array? Prove that they do, or provide 
a corifaerexample. 

b. Show tnaKm the worst case, Build-Max-Heap' requires 0(«lg«) time to 
build an «^e4ement heap. 

6-2 Analysis o^d^ry heaps 

A d-ary heap is frke^r binary heap, but (with one possible exception) non-leaf 
nodes have d children ip^tead of 2 children. 

a. How would you repre£^ftt^ af-ary heap in an array? 

b. What is the height of a d-^ heap of n elements in terms of n and d? 

c. Give an efficient implementatiori^of Extract-Max in a af-ary max-heap. An- 
alyze its running time in terms oi^>and n . 

d. Give an efficient implementation ok-IteERT in a d-ary max-heap. Analyze its 
running time in terms of d and n. 

e. Give an efficient implementation of In<£^Ii^.SE-Key(,4, i, k), which flags an 
error if A: < A[i], but otherwise sets A[i] = (£)and then updates the af-ary max- 
heap structure appropriately. Analyze its runnel time in terms of d and n . 

• 

6-3 Young tableaus Q\ 

An m x n Young tableau is an m x n matrix such that t@ entries of each row are 
in sorted order from left to right and the entries of each codwjin are in sorted order 
from top to bottom. Some of the entries of a Young tableaumay be oo, which we 
treat as nonexistent elements. Thus, a Young tableau can be used to hold r < mn 
finite numbers. 

a. Draw a 4x 4 Young tableau containing the elements {9, 16, 3, 2, 4, 8, 5, 14, 12}. 



b. Argue that an m x n Young tableau Y is empty if Y[l, 1] = oo. Argue that Y 
is full (contains mn elements) if Y[m, n] < oo. 
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c. Give an algorithm to implement Extract-Min on a nonempty m x n Young 
, tableau that runs in 0(m + n) time. Your algorithm should use a recur- 

sive subroutine that solves an m x n problem by recursively solving either 
vQan (m — 1) x n or an m x (n — 1) subproblem. (Hint: Think about Max- 
qHeapify.) Define T(p), where p = m + n, to be the maximum running time 
O^XTRACT-MlN on any m x n Young tableau. Give and solve a recurrence 
fotjf^p) that yields the 0(m + n) time bound. 

d. Show®)w to insert a new element into a nonfull m x n Young tableau in 
0(m + #ytnjie. 

e. Using no otKep>sorting method as a subroutine, show how to use an n x n Young 
tableau to sorf^ numbers in 0(n 3 ) time. 

f. Give an 0(m + ^Y^mie algorithm to determine whether a given number is 
stored in a given m x ( ^KYoung tableau. 

^ 

Chapter notes 0 

The heapsort algorithm was invente^iy Williams [357], who also described how 
to implement a priority queue with a^he*ap. The Build-Max-Heap procedure 
was suggested by Floyd [106]. Q 

We use min-heaps to implement min-prumty queues in Chapters 16, 23, and 24. 
We also give an implementation with improve)d time bounds for certain operations 
in Chapter 19 and, assuming that the keys areiawn from a bounded set of non- 
negative integers, Chapter 20. 

If the data are b-bit integers, and the computermpmory consists of addressable 
6-bit words, Fredman and Willard [115] showed how to implement Minimum in 
0(1) time and INSERT and Extract-Min in 0( y^nl time. Thorup [337] has 
improved the 0(^/\gn) bound to 0(lglg«) time. ThisMxiund uses an amount of 
space unbounded in n, but it can be implemented in linearsgace by using random- 
ized hashing. 

An important special case of priority queues occurs when the sequence of 
Extract-Min operations is monotone, that is, the values returned by succes- 
sive Extract-Min operations are monotonically increasing over time. This case 
arises in several important applications, such as Dijkstra's single-source shortest- 
paths algorithm, which we discuss in Chapter 24, and in discrete-event simula- 
tion. For Dijkstra's algorithm it is particularly important that the Decrease-Key 
operation be implemented efficiently. For the monotone case, if the data are in- 
tegers in the range 1, 2, . . . , C, Ahuja, Mehlhorn, Orlin, and Tarjan [8] describe 
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how to implement Extract-Min and INSERT in O(lgC) amortized time (see 
Chapter 17 for more on amortized analysis) and Decrease-Key in 0(1) time, 
•fusing a data structure called a radix heap. The 0(\gC) bound can be improved 
•Svp 0(y / lg C) using Fibonacci heaps (see Chapter 19) in conjunction with radix 
he&ps. Cherkassky, Goldberg, and Silverstein [65] further improved the bound to 
(7vg) /3+f C) expected time by combining the multilevel bucketing structure of 
Deirakfo and Fox [85] with the heap of Thorup mentioned earlier. Raman [291] 
further improved these results to obtain a bound of 0(min(lg^ 4+e C, lg 1/3+f «)), 
for any nxgd e > 0. 

X 
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The quicksort alra^khm has a worst-case running time of 0(« 2 ) on an input aiTay 
of n numbers. Despit^his slow worst-case running time, quicksort is often the best 
practical choice for sorting because it is remarkably efficient on the average: its 
expected running time fs G^m lg n), and the constant factors hidden in the 0(w lg n) 
notation are quite small. K ako has the advantage of sorting in place (see page 17), 
and it works well even in vmu^l-memory environments. 

Section 7.1 describes the aigorithm and an important subroutine used by quick- 
sort for partitioning. Because thVbehavior of quicksort is complex, we start with 
an intuitive discussion of its performance in Section 7.2 and postpone its precise 
analysis to the end of the chapter. Section 7.3 presents a version of quicksort that 
uses random sampling. This algorithf^nas a good expected running time, and no 
particular input elicits its worst-case be@/ior. Section 7.4 analyzes the random- 
ized algorithm, showing that it runs in 0(^^time in the worst case and, assuming 
distinct elements, in expected 0(n Ign) time^\ 

°x 

7.1 Description of quicksort 

• 

Quicksort, like merge sort, applies the divide-and-con(Jufer paradigm introduced 
in Section 2.3.1. Here is the three-step divide-and-conqi@ process for sorting a 
typical subarray A [p . . r] : \\ 

Divide: Partition (rearrange) the array A[p . .r] into two (possibly empty) subar- 
rays A[p . .q — 1] and A[q + 1 . . r] such that each element of A[p . . ^ — 1] is 
less than or equal to A[q], which is, in turn, less than or equal to each element 
of A[q + 1 . . r]. Compute the index q as part of this partitioning procedure. 

Conquer: Sort the two subarrays A[p . . q — 1] and A[q + 1 . . r] by recursive calls 
to quicksort. 
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Combine: Because the subarrays are already sorted, no work is needed to combine 
them: the entire array A[p . . r] is now sorted. 

^^he following procedure implements quicksort: 

sort(^, p, r) 

1 if/#k< r 

2 ,4k = Partition^, p, r) 

3 ^OmCKSORT04,/>,<7 - 1) 

4 Qyic^SOKl(A,q + \,r) 

To sort an entTreWay A, the initial call is QUICKSORT^, 1, A. length). 
Partitioning the a*ray. 

The key to the algorithjjffts the Partition procedure, which rearranges the subar- 
ray A[p .. r] in place. ^ > 

Partition^, p, r) K\ 

1 x = A\r] 

2 i = p - 1 v^S 

3 for j : = p to r — 1 s J> 

4 if A[j]<x " n 

5 i = i + 1 M~ 

6 exchange .4 [z] with j4[/] 



7 exchange ^4[z + 1] with A[r] 

8 return z + 1 



^6 

o_ 

Figure 7.1 shows how Partition works on iiji8-element array. Partition 
always selects an element x = A [r] as a /wof elemeat around which to partition the 
subarray A[p . . r\. As the procedure runs, it partitions(tB)e array into four (possibly 
empty) regions. At the start of each iteration of the for lo@in lines 3-6, the regions 
satisfy certain properties, shown in Figure 7.2. We state tk^e properties as a loop 
invariant: 

At the beginning of each iteration of the loop of lines 3-6, for any array 
index k, 

1. If p < k < i, then A[k] < x. 

2. If i + 1 < k < j - 1, then A[k] > x. 

3. If k = r, then A[k] = x. 
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Figure 7.1 The operation of PARTITION on a sampt^cirfay. Array entry A[r] becomes the pivot 
element x. Lightly shaded array elements are all in the^t^st) partition with values no greater than A'. 
Heavily shaded elements are in the second partition with i^SItjes greater than x. The unshaded el- 
ements have not yet been put in one of the first two partitions^and the final white element is the 
pivot x. (a) The initial array and variable settings. None of the-elements have been placed in either 
of the first two partitions, (b) The value 2 is "swapped with itself* and put in the partition of smaller 
values, (c)-(d) The values 8 and 7 are added to the partition of larg^r^alues. (e) The values 1 and 8 
are swapped, and the smaller partition grows, (f) The values 3 and 7 ^Jr^ swapped, and the smaller 
partition grows, (g)-(h) The larger partition grows to include 5 and 6, an^fjie loop terminates, (i) In 
lines 7-8, the pivot element is swapped so that it lies between the two partitions. 



The indices between j and r — 1 are not covered by any of the three cases, and the 
values in these entries have no particular relationship to the pivot x. 

We need to show that this loop invariant is true prior to the first iteration, that 
each iteration of the loop maintains the invariant, and that the invariant provides a 
useful property to show correctness when the loop terminates. 
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< x > x unrestricted 



Fi^jjto 7.2 The four regions maintained by the procedure PARTITION on a subarray A[p . . r\. The 
valu8fQ»^4[/> . . i] are all less than or equal to x, the values in A[i + 1 . . j — 1] are all greater than x, 
and ^py^^*:. The subarray A[j . . r — 1] can take on any values. 

Initialization^ * Prior to the first iteration of the loop, i = p — 1 and j = p. Be- 
cause nowa^ies lie between p and i and no values lie between i + 1 and j — 1, 
the first twGKcpnditions of the loop invariant are trivially satisfied. The assign- 
ment in line ^satisfies the third condition. 

Maintenance: As^Fiaure 7.3 shows, we consider two cases, depending on the 
outcome of the test inline 4. Figure 7.3(a) shows what happens when A[j] > x; 
the only action in the- loop is to increment j . After j is incremented, condition 2 
holds for A[j — 1] ana*alj>^)ther entries remain unchanged. Figure 7.3(b) shows 
what happens when A[}*] < x; the loop increments i, swaps A[i] and A[j], 
and then increments j . Bscause of the swap, we now have that A[i] < x, and 
condition 1 is satisfied. Similarly, we also have that A[j — 1] > x, since the 
item that was swapped into A\£j- U is, by the loop invariant, greater than x. 

Termination: At termination, j =n. Therefore, every entry in the array is in one 
of the three sets described by the invariant, and we have partitioned the values 
in the array into three sets: those les®tnan or equal to x, those greater than x, 
and a singleton set containing x. ^>L 

The final two lines of PARTITION finish up b^wapping the pivot element with 
the leftmost element greater than x, thereby movr^gtthe pivot into its correct place 
in the partitioned array, and then returning the pivot's new index. The output of 
Partition now satisfies the specifications given foc'-the divide step. In fact, it 
satisfies a slightly stronger condition: after line 2 of QUICKSORT, A[q] is strictly 
less than every element of A[q + 1 . . r]. vO» 

The running time of PARTITION on the subarray A^jr..r\ is 0(/i), where 
n = r — p + 1 (see Exercise 7.1-3). 



Exercises 
7.1-1 

Using Figure 7.1 as a model, illustrate the operation of Partition on the array 
A = (13,19,9,5,12,8,7,4,21,2,6,11). 
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Figure 7.3 The two cases for one iteration of procedure PARTITION, (a) If A[j] > x, the only 
action is to increment which maintains*he lpop invariant, (b) If A[j] < x, index ( is incremented, 
A[i] and A[j] are swapped, and then j is incremented. Again, the loop invariant is maintained. 

7.1-2 O 

What value of q does PARTITION return ^Jjten all elements in the array A[p . . r] 
have the same value? Modify PARTITION^ that q = \_{p + r)/2\ when all 
elements in the array A[p . . r] have the same^tftje. 

7.1-3 

Give a brief argument that the running time of Partition on a subarray of size n 
is ®(n). • ^ 

7.1-4 O 

How would you modify QUICKSORT to sort into nonincreaStra order? 



7.2 Performance of quicksort 

The running time of quicksort depends on whether the partitioning is balanced or 
unbalanced, which in turn depends on which elements are used for partitioning. 
If the partitioning is balanced, the algorithm runs asymptotically as fast as merge 
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sort. If the partitioning is unbalanced, however, it can run asymptotically as slowly 
as insertion sort. In this section, we shall informally investigate how quicksort 
^\ performs under the assumptions of balanced versus unbalanced partitioning. 

\yprst-case partitioning 

The"<*W€irst-case behavior for quicksort occurs when the partitioning routine pro- 
ducesxme subproblem with n — 1 elements and one with 0 elements. (We prove 
this clamYjii Section 7.4.1.) Let us assume that this unbalanced partitioning arises 
in each restfrsiye call. The partitioning costs 0(n) time. Since the recursive call 
on an array wsize 0 just returns, T(0) = 0(1), and the recurrence for the running 
time is y 

= T(n - 1)>*0(«) . 

Intuitively, if we sum Hhe> costs incurred at each level of the recursion, we get 
an arithmetic series (equ«fi£Hi (A.2)), which evaluates to 0(« 2 ). Indeed, it is 
straightforward to use the stestitution method to prove that the recurrence T(n) = 
T(n - 1) + &(n) has the solution T(n) = 0(« 2 ). (See Exercise 7.2-1.) 

Thus, if the partitioning is maximally unbalanced at every recursive level of the 
algorithm, the running time is 0"©)-v Therefore the worst-case running time of 
quicksort is no better than that of ins^raon sort. Moreover, the 0(« 2 ) running time 
occurs when the input array is aheady@impletely sorted— a common situation in 
which insertion sort runs in O(n) time. C\ 

Best-case partitioning 

In the most even possible split, Partition prooa^es two subproblems, each of 
size no more than n / 2, since one is of size [n / 2J and one of size [n/2] — 1 . In this 
case, quicksort runs much faster. The recurrence for*the > running time is then 

T(n) = 2T(n/2) + 0(«) , Q 



where we tolerate the sloppiness from ignoring the floor and'ceiling and from sub- 
tracting 1. By case 2 of the master theorem (Theorem 4.1), this recurrence has the 
solution T(ri) = &(n Ign). By equally balancing the two sides of the partition at 
every level of the recursion, we get an asymptotically faster algorithm. 



Balanced partitioning 



The average-case running time of quicksort is much closer to the best case than to 
the worst case, as the analyses in Section 7.4 will show. The key to understand- 
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0(n lgra) 



Figure 7.4 A recursion tree for Quicksort in which PARTITION always produces a 9-to-l split, 
yielding a running time of 0(n lgn). l\paes show subproblem sizes, with per-level costs on the right. 
The per-level costs include the constant c^impljcit in the ®(n) term. 

ing why is to understand how the ba^nce of the partitioning is reflected in the 
recurrence that describes the running tin© 

Suppose, for example, that the partitio|i(n^. algorithm always produces a 9-to- 1 
proportional split, which at first blush seems^c^ite unbalanced. We then obtain the 



recurrence 



<6 



T(n) = T(9«/10) + 7>/10) + cn 



O 



on the running time of quicksort, where we have explicitly included the constant c 
hidden in the ®(n) term. Figure 7.4 shows the recursiqfnyree for this recurrence. 
Notice that every level of the tree has cost cn, until the req£ii)sion reaches a bound- 
ary condition at depth log 10 n = 0(lg n), and then the levefe^iave cost at most cn. 
The recursion terminates at depth log 10 / 9 n = 0(lgn)- Thetotal cost of quick- 
sort is therefore 0(nlgn). Thus, with a 9-to-l proportional split at every level of 
recursion, which intuitively seems quite unbalanced, quicksort runs in 0(nlgn) 
time— asymptotically the same as if the split were right down the middle. Indeed, 
even a 99-to-l split yields an 0(n lgn) running time. In fact, any split of constant 
proportionality yields a recursion tree of depth @(lg n), where the cost at each level 
is 0(n). The running time is therefore 0(nlgn) whenever the split has constant 
proportionality. 
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in- 0(n) n ■ii- 0(n) 

A. ^\ («-l)/2 (n-l)/2 

\fe4)/2-l (n-l)/2 

^ (b) 

Figure 7.5 Two levels of a recursion tree for quicksort. The partitioning at the root costs n 
and produces i^^>ad" split: two subarrays of sizes 0 and n — 1. The partitioning of the subarray of 
size n — 1 costs 1 and produces a "good" split: subarrays of size (n — l)/2 — 1 and (n — l)/2. 
(b) A single level $X a-recursion tree that is very well balanced. In both parts, the partitioning cost for 
the subproblems shownwith elliptical shading is 0(n). Yet the subproblems remaining to be solved 
in (a), shown with square shading, are no larger than the corresponding subproblems remaining to be 
solved in (b). \S 

Intuition for the average^ase 

To develop a clear notion of*th&.randomized behavior of quicksort, we must make 
an assumption about how frequently we expect to encounter the various inputs. 
The behavior of quicksort depe*nd^on the relative ordering of the values in the 
array elements given as the input, Wd Hot by the particular values in the array. As 
in our probabilistic analysis of the mrins problem in Section 5.2, we will assume 
for now that all permutations of the inputnumbers are equally likely. 

When we run quicksort on a randonxjjaput array, the partitioning is highly un- 
likely to happen in the same way at everywvel, as our informal analysis has as- 
sumed. We expect that some of the splits x^H) be reasonably well balanced and 
that some will be fairly unbalanced. For examp(g)Exercise 7.2-6 asks you to show 
that about 80 percent of the time PARTITION produces a split that is more balanced 
than 9 to 1 , and about 20 percent of the time it produces a split that is less balanced 
than 9 to 1. Q. 

In the average case, PARTITION produces a mix of "g^ojl" and "bad" splits. In a 
recursion tree for an average-case execution of PARTlTlON^he good and bad splits 
are distributed randomly throughout the tree. Suppose, for the sake of intuition, 
that the good and bad splits alternate levels in the tree, and that the good splits 
are best-case splits and the bad splits are worst-case splits. Figure 7.5(a) shows 
the splits at two consecutive levels in the recursion tree. At the root of the tree, 
the cost is n for partitioning, and the subarrays produced have sizes n — 1 and 0: 
the worst case. At the next level, the subarray of size n — 1 undergoes best-case 
partitioning into subarrays of size (n — l)/2 — 1 and (n — l)/2. Let's assume that 
the boundary-condition cost is 1 for the subarray of size 0. 
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The combination of the bad split followed by the good split produces three sub- 
arrays of sizes 0, (n — l)/2 — 1, and (n — l)/2 at a combined partitioning cost 
\Qf .©(«) + ©(« — 1) = ©(«). Certainly, this situation is no worse than that in 
Ffeure 7.5(b), namely a single level of partitioning that produces two subarrays of 
si^eOjjw — l)/2, at a cost of &(n). Yet this latter situation is balanced! Intuitively, 
the V™ — 1) cost of the bad split can be absorbed into the &(n) cost of the good 
split, Snathe resulting split is good. Thus, the running time of quicksort, when lev- 
els alternate between good and bad splits, is like the running time for good splits 
alone: stirr Qln \gn), but with a slightly larger constant hidden by the O-notation. 
We shall gi\<e a rigorous analysis of the expected running time of a randomized 
version of quHskfjert in Section 7.4.2. 

Exercises \ 
7.2-1 \>' 

Use the substitution method to prove that the recurrence T{n) = T(n — 1) + ®(n) 
has the solution T(n) = ®(n?\ as claimed at the beginning of Section 7.2. 

7.2-2 

What is the running time of Quicksort when all elements of array A have the 
same value? * 

7.2-3 \^ 

Show that the running time of QuicksG^t is 0(n 2 ) when the array A contains 
distinct elements and is sorted in decreasuj^brder. 

Banks often record transactions on an account inkier of the times of the transac- 
tions, but many people like to receive their bank statements with checks listed in 
order by check number. People usually write checks in order by check number, and 
merchants usually cash them with reasonable dispatch* The problem of converting 
time-of-transaction ordering to check-number ordering rs therefore the problem of 
sorting almost-sorted input. Argue that the procedure IN-SWTION-SORT would 
tend to beat the procedure QUICKSORT on this problem. *S 

7.2-5 

Suppose that the splits at every level of quicksort are in the proportion 1 — a to a, 
where 0<a<l/2isa constant. Show that the minimum depth of a leaf in the re- 
cursion tree is approximately — lg nj lg a and the maximum depth is approximately 
— \gn/ lg(l — a). (Don't worry about integer round-off.) 



7.3 A randomized version of quicksort 179 

^ 7.2-6 * 

, Argue that for any constant 0 < a < 1 /2, the probability is approximately 1 — 2a 
\§\ that on a random input array, PARTITION produces a split more balanced than 1 — a 



a. 



7.3 A randomizea^ersion of quicksort 

In exploring^ the average-case behavior of quicksort, we have made an assumption 
that all permutations of the input numbers are equally likely. In an engineering 
situation, however we cannot always expect this assumption to hold. (See Exer- 
cise 7.2-4.) As wJrsaw in Section 5.3, we can sometimes add randomization to an 
algorithm in order (p obtain good expected performance over all inputs. Many peo- 
ple regard the result^ randomized version of quicksort as the sorting algorithm 
of choice for large enot^gh inputs. 

In Section 5.3, we raxfcjjsmized our algorithm by explicitly permuting the in- 
put. We could do so for qi^ksort also, but a different randomization technique, 
called random sampling, yie(H§ a simpler analysis. Instead of always using A[r\ 
as the pivot, we will select a randomly chosen element from the subarray A[p . . r]. 
We do so by first exchanging element A[r] with an element chosen at random 

from A[p . . r]. By randomly samplrng^he range p r, we ensure that the pivot 

element x = A[r] is equally likely i0-be any of the r — p + 1 elements in the 
subarray. Because we randomly choose^the pivot element, we expect the split of 
the input array to be reasonably well bamnced on average. 

The changes to Partition and Quicksort are small. In the new partition 
procedure, we simply implement the swap reWe actually partitioning: 

Randomized-Partition (A, p, r) 

1 i = Random (p,r) • 

2 exchange A[r] with A[i] O" 

3 return PARTITION^, p, r) O, 



The new quicksort calls Randomized-Partition in place of Partition: 

Randomized-Quicksort(^, p, r) 

1 if p < r 

2 q = Randomized-Partition {A, p, r ) 

3 Randomized-Quicksort(^, p,q - 1) 

4 RANDOMIZED-QUICKSORT(^,^f + l,r) 



We analyze this algorithm in the next section. 
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Exercises 
.3-1 

y do we analyze the expected running time of a randomized algorithm and not 
it£^orst-case running time? 

7.3-*$ 

When @NDOMlZED-QuiCKSORT runs, how many calls are made to the random- 
number g^erator RANDOM in the worst case? How about in the best case? Give 
your answetfjh terms of ©-notation. 

i> 

7.4 Analysis of quicksort x 

V' 

Section 7.2 gave someMnisJition for the worst-case behavior of quicksort and for 
why we expect it to run quickly. In this section, we analyze the behavior of quick- 
sort more rigorously. We begnvwith a worst-case analysis, which applies to either 
Quicksort or RandomizfiB -Quicksort, and conclude with an analysis of the 
expected running time of Randomized-Quicksort. 

'-6 

7.4.1 Worst-case analysis \^ 

We saw in Section 7.2 that a worst-case s@t at every level of recursion in quicksort 
produces a <d(n 2 ) running time, which, intuitively, is the worst-case running time 
of the algorithm. We now prove this assertion^ 

Using the substitution method (see Section^^), we can show that the running 
time of quicksort is 0(n 2 ). Let T(n) be the w^t-case time for the procedure 
Quicksort on an input of size n. We have the recu^ence 

T(n) = max (T(q) + T(n - q - 1)) + 0(n) , • (7.1) 

0<q<n-l 

where the parameter q ranges from 0 to n — 1 because thQirocedure PARTITION 
produces two subproblems with total size n — 1. We guesl^)at T(n) < cn 2 for 
some constant c. Substituting this guess into recurrence (7.1), we obtain 

T(n) < max (cq 2 + c(n - q - l) 2 ) + <d(n) 

0<q<n—l 

= c ■ max (q 2 + (n - q - l) 2 ) + &(n) . 

0<q<n-l 

The expression q 2 + (n — q — l) 2 achieves a maximum over the parameter's 
range 0 < q < n — 1 at either endpoint. To verify this claim, note that the second 
derivative of the expression with respect to q is positive (see Exercise 7.4-3). This 
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observation gives us the bound max 0 < ? <„_i(^ 2 + (n — q — l) 2 ) < (n — l) 2 = 
n 2 — 2n + 1. Continuing with our bounding of T(n), we obtain 

< cn 2 -c(2n-l) + @(n) 

sirif^Pwe can pick the constant c large enough so that the c(2n — 1) term dom- 
inates^the 0(«) term. Thus, T(n) = 0(n 2 ). We saw in Section 7.2 a specific 
case in(^)iich quicksort takes £2(n 2 ) time: when partitioning is unbalanced. Al- 
ternativery^Exercise 7.4-1 asks you to show that recurrence (7.1) has a solution of 
T(n) = Thus, the (worst-case) running time of quicksort is 0(« 2 ). 

7.4.2 ExpectetyrHinning time 

We have already ^een'the intuition behind why the expected running time of 
RANDOMlZED-QuiCKSORT is 0(nlgn): if, in each level of recursion, the split 
induced by Randomized>-Partition puts any constant fraction of the elements 
on one side of the partitiorythen the recursion tree has depth 0(lg«), and 0{n) 
work is performed at each level Even if we add a few new levels with the most un- 
balanced split possible betwesrVthese levels, the total time remains 0(n Ign). We 
can analyze the expected running tkne of RANDOMlZED-QuiCKSORT precisely 
by first understanding how the pa^Moning procedure operates and then using this 
understanding to derive an 0(n lg/s^oound on the expected running time. This 
upper bound on the expected running l@e, combined with the 0(« lg n) best-case 
bound we saw in Section 7.2, yields a 0^p£n) expected running time. We assume 
throughout that the values of the elements -bjlng sorted are distinct. 

Running time and comparisons Q 

The Quicksort and Randomized-QuicksorV^ procedures differ only in how 
they select pivot elements; they are the same in all omer-respects. We can therefore 
couch our analysis of RANDOMlZED-QuiCKSORT byWscussing the QUICKSORT 
and Partition procedures, but with the assumption trta^pivot elements are se- 
lected randomly from the subarray passed to Randomizei^Partition. 

The running time of QUICKSORT is dominated by the time spent in the PARTI- 
TION procedure. Each time the PARTITION procedure is called, it selects a pivot 
element, and this element is never included in any future recursive calls to QUICK- 
SORT and Partition. Thus, there can be at most n calls to Partition over the 
entire execution of the quicksort algorithm. One call to PARTITION takes 0(1) 
time plus an amount of time that is proportional to the number of iterations of the 
for loop in lines 3-6. Each iteration of this for loop performs a comparison in 
line 4, comparing the pivot element to another element of the array A. Therefore, 
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if we can count the total number of times that line 4 is executed, we can bound the 
total time spent in the for loop during the entire execution of QUICKSORT. 

i&mma 7.1 

£&S^ be the number of comparisons performed in line 4 of PARTITION over the 
entrr^Kcecution of QUICKSORT on an n-element array. Then the running time of 
QuiCK*SRT is 0(n + X). 

Proof I^\he discussion above, the algorithm makes at most n calls to Parti- 
tion, each «f which does a constant amount of work and then executes the for 
loop some number of times. Each iteration of the for loop executes line 4. ■ 

Our goal, therei^ye,is to compute X, the total number of comparisons performed 
in all calls to Partition. We will not attempt to analyze how many comparisons 
are made in each call U^PARTITION. Rather, we will derive an overall bound on the 
total number of comparisons. To do so, we must understand when the algorithm 
compares two elements of tfia array and when it does not. For ease of analysis, we 
rename the elements of the an-fiy. A as z i , Z % , . . . , Z n , with z t being the i th smallest 

element. We also define the set/£y 7 = {zt , Zi+i Zj } to be the set of elements 

between n and Zj, inclusive. 

When does the algorithm comp*are<7 ; and Zjl To answer this question, we first 
observe that each pair of elements is compared at most once. Why? Elements 
are compared only to the pivot element ^and, after a particular call of Partition 
finishes, the pivot element used in that eaiLis never again compared to any other 
elements. 

Our analysis uses indicator random variabies^see Section 5.2). We define 
Xjj = I {it is compared to Zj} , Q 

where we are considering whether the comparison ^takes place at any time during 
the execution of the algorithm, not just during one iteration or one call of PARTI- 
TION. Since each pair is compared at most once, we £&k easily characterize the 
total number of comparisons performed by the algorithm: O > 

n-l n 
i=l j=i+l 

Taking expectations of both sides, and then using linearity of expectation and 
Lemma 5.1, we obtain 

~ n — 1 n 

E[X] = E E X U 
_i=i j=i+i 
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n-l 



= E E 

= E Pr {Z* is compared to Z/} . (7.2) 
%X i=iy=/+i 

It reigns to compute Pr {z; is compared to Zj}. Our analysis assumes that the 
RANDCjf^jlZED-PARTrnON procedure chooses each pivot randomly and indepen- 
dently. 

Let us fnin^ about when two items are not compared. Consider an input to 
quicksort of th^numbers 1 through 10 (in any order), and suppose that the first 
pivot element il(7c\Then the first call to PARTITION separates the numbers into two 
sets: {1, 2, 3, 4, 3\ fi^and {8, 9, 10}. In doing so, the pivot element 7 is compared 
to all other elements, but no number from the first set (e.g., 2) is or ever will be 
compared to any numbejrfrom the second set (e.g., 9). 

In general, because we^flssume that element values are distinct, once a pivot x 
is chosen with Zi < x -c^/we know that Zi and Zj cannot be compared at any 
subsequent time. If, on the other hand, z,- is chosen as a pivot before any other item 
in Zy, then z, will be compacba to each item in Zy, except for itself. Similarly, 
if z.j is chosen as a pivot before «nyjother item in Zy , then Zj will be compared to 
each item in Zy , except for itself. v ©our example, the values 7 and 9 are compared 
because 7 is the first item from Z 7i9 foj-ue chosen as a pivot. In contrast, 2 and 9 will 
never be compared because the first pi@ element chosen from Z 2 ,g is 7. Thus, Z; 
and Zj are compared if and only if the fir^Hement to be chosen as a pivot from Zy 
is either z,: or Zj. \§\ 

We now compute the probability that th^r^vent occurs. Prior to the point at 
which an element from Zy has been chosen as a^pivot, the whole set Zy is together 
in the same partition. Therefore, any element ofZy^is equally likely to be the first 
one chosen as a pivot. Because the set Zy has j—i + l elements, and because pivots 
are chosen randomly and independently, the probability,that any given element is 
the first one chosen as a pivot is I /(J — i + 1). Thus, w^-have 

Pr {Zi is compared to Zj } = Pr {z, or Zj is first pivot cfi^en from Zy } 

= Pr {z, is first pivot chosen from Zy } 

+ Pr {Zj is first pivot chosen from Zy } 
1 1 

7 - i + 1 j-i + l 
2 

= — — -■ (7.3) 
j -i + 1 
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The second line follows because the two events are mutually exclusive. Combining 
equations (7.2) and (7.3), we get that 

!=1 j=i+l J 



We cafCeyaluate this sum using a change of variables ik = j — z) and the bound 
on the harmonic series in equation (A.7): 



E[X] = 



< EEf <Y> 

i = l k=l K 



/=i 



= 0(nlgn). *<5 . ( 7 - 4 ) 

Thus we conclude that, using Rand^mtzed-Partition, the expected running 
time of quicksort is 0(n lgn) when elementvalues are distinct. 

Exercises 

7.4-1 O 

Show that in the recurrence 

T(n) = max (T(q) + T{n-q- 1)) + ®(n) , • _ 

0<<?<«-l f > 

r(n) = Q(n 2 ). O, 
7.4-2 

Show that quicksort's best-case running time is lgn)- 
7.4-3 

Show that the expression q 2 + (n — q — l) 2 achieves a maximum over g = 
0, 1, . . . ,n — 1 when q = 0 or q = n — 1. 

7.4-4 

Show that Randomized-Quicksort's expected running time is £2(/i lgn). 
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^ 7.4-5 

% We can improve the running time of quicksort in practice by taking advantage of the 
^\ fast running time of insertion sort when its input is "nearly" sorted. Upon calling 
^'quicksort on a subarray with fewer than k elements, let it simply return without 
sorting the subarray. After the top-level call to quicksort returns, run insertion sort 
onyttre entire array to finish the sorting process. Argue that this sorting algorithm 
runs^prvOOi/c + n \g(n/ k)) expected time. How should we pick k, both in theoiy 
and in p^aptice? 

7.4-6 *V 

Consider mhpifying the PARTITION procedure by randomly picking three elements 
from array A^^d partitioning about their median (the middle value of the three 
elements). Apprtj$imate the probability of getting at worst an a-to-(l — a) split, as 
a function of a in me range 0 < a < 1. 



Problems 

7-1 Hoare partition correctness 

The version of PARTITION given^iri this chapter is not the original partitioning 
algorithm. Here is the original parumqr> algorithm, which is due to C. A. R. Hoare: 



Hoare-Partition(^, p, r) 



1 


x = A[p] 


2 


i = p-l 


3 


j = r + 1 


4 


while true 


5 


repeat 


6 


7=7-1 


7 


until A [j ] < x 


8 


repeat 


9 


i = i + 1 


10 


until A[i] > x 


11 


if i < j 


12 


exchange A 


13 


else return j 



o 



^6 



a. Demonstrate the operation of Hoare-Partition on the array A = (13, 19, 9, 
5, 12, 8, 7, 4, 11, 2, 6, 21), showing the values of the array and auxiliary values 
after each iteration of the while loop in lines 4-13. 
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The next three questions ask you to give a careful argument that the procedure 
Hoare-Partition is correct. Assuming that the subarray A[p . . r] contains at 
•^Jtea^t two elements, prove the following: 



S'lTJie indices i and j are such that we never access an element of A outside the 
suja^rray A[p . . r], 

C. Wh^HOARE -Partition terminates, it returns a value j such that p < j < r. 

d. Every element of A[p . . j ] is less than or equal to every element of A [j + 1 . . r] 
when Hoa^-Partition terminates. 

The PARTlTlONx'pEQcedure in Section 7.1 separates the pivot value (originally 
in A[r]) from the twa^artitions it forms. The Hoare-Partition procedure, on 
the other hand, always places the pivot value (originally in A[p]) into one of the 
two partitions A[p . . j^and A[j + 1 . . r]. Since p < j < r, this split is always 
nontrivial. C > 

e. Rewrite the QuiCKSORT^&cedure to use Hoare-Partition. 

0 

7-2 Quicksort with equal element values 

The analysis of the expected runnin^fmie of randomized quicksort in Section 7.4.2 
assumes that all element values are dis^nct. In this problem, we examine what 
happens when they are not. q 



a. Suppose that all element values are eqbaT What would be randomized quick- 
sort's running time in this case? 

b. The Partition procedure returns an inde^)? such that each element of 
A[p . .q — 1] is less than or equal to A[q] and(^ach element of A[q + 1 . . r] 
is greater than A[q], Modify the Partition procedure to produce a procedure 
Partition' (.4, p, r), which permutes the elements of^[/> . . r] and returns two 
indices q and t, where p < q < t < r , such that Q 

• all elements of A[q . . t] are equal, 

• each element of A[p . . q — 1] is less than A[q], and 

• each element of A[t + 1 . . r] is greater than A[q]. 

Like Partition, your Partition' procedure should take &(r — p) time. 

c. Modify the Randomized-Quicksort procedure to call Partition', and 
name the new procedure Randomized-Quicksort'. Then modify the 
Quicksort procedure to produce a procedure Quicksort'(/>, r) that calls 
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Randomized-Partition' and recurses only on partitions of elements not 
known to be equal to each other. 



y^a. Using Quicksort', how would you adjust the analysis in Section 7.4.2 to 



^^-^avoid the assumption that all elements are distinct? 
7-3 (Alternative quicksort analysis 

An alternative analysis of the running time of randomized quicksort focuses on 
the expeCjtdd running time of each individual recursive call to Randomized- 
QuiCKSORX^afher than on the number of comparisons performed. 

a. Argue thai^gWen an array of size n, the probability that any particular element 
is chosen as ivot is l/n. Use this to define indicator random variables 
Xj = I {i th sm£$fest element is chosen as the pivot}. What is E [X,]? 

b. Let T{n) be a random variable denoting the running time of quicksort on an 
array of size n . Argue^at 

E [T(n)\ =E J2 X « (T®- 1) + T{n - q) + 0(h)) 

o , 

c. Show that we can rewrite equatism^(7.5) as 
E[T(n)] = -Y^E[T(g)} + 0(n) n9~ 

d. Show that Q 



(7.6) 



n-l 1 1 

J2 k[ % k - 7:n 2 \gn--n' 



6 



k = 2 



(7.7) 



{Hint: Split the summation into two parts, one for k =^^3, . . . , \n/2~\ — 1 and 
one for k = \n/2~\ , . . . ,n — 1.) 

e. Using the bound from equation (7.7), show that the recurrence in equation (7.6) 
has the solution E [7"(«)] = 0(«lg«). {Hint: Show, by substitution, that 
E |T(«)] < an Ign for sufficiently large n and for some positive constant a.) 
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7-4 Stack depth for quicksort 

The Quicksort algorithm of Section 7.1 contains two recursive calls to itself. 
•^&.fter Quicksort calls Partition, it recursively sorts the left subarray and then 
it^ecursively sorts the right subarray. The second recursive call in QUICKSORT 
is <n$: really necessary; we can avoid it by using an iterative control structure, 
jhnique, called tail recursion, is provided automatically by good compilers, 
the following version of quicksort, which simulates tail recursion: 



Tail-Recursive-Quicksort (A, p, r) 

1 while p\>* 

2 II PartjJ&n and sort left subarray. 

3 q = Parjjtion(^, p, r ) 

4 Tail-Recur^ive-Quicksort(^, p, q - 1) 

5 p = q + 1 

a. Argue that TAlL-REduWvE-QuiCKSORT^, 1, A. length) correctly sorts the 
array A. ^^(^ 

Compilers usually execute recu^/e procedures by using a stack that contains per- 
tinent information, including tfiejjarameter values, for each recursive call. The 
information for the most recent calkm at the top of the stack, and the information 
for the initial call is at the bottom. IJp^n calling a procedure, its information is 
pushed onto the stack; when it terminates, its information is popped. Since we 
assume that array parameters are representpiby pointers, the information for each 
procedure call on the stack requires 0(l) v ^ackspace. The stack depth is the max- 
imum amount of stack space used at any time^^ng a computation. 

b. Describe a scenario in which TAlL-RECURSl^^QuiCKSORT's stack depth is 
&(n) on an n -element input array. 

• 

c. Modify the code for Tail-Recursive-QuicksorT^. so that the worst-case 
stack depth is 0(lg«). Maintain the 0(nlgn) expected running time of the 
algorithm. 

7-5 Median-of-3 partition 

One way to improve the RANDOMlZED-QuiCKSORT procedure is to partition 
around a pivot that is chosen more carefully than by picking a random element 
from the subarray. One common approach is the median-of-3 method: choose 
the pivot as the median (middle element) of a set of 3 elements randomly selected 
from the subarray. (See Exercise 7.4-6.) For this problem, let us assume that the 
elements in the input array A[l . .n] are distinct and that n > 3. We denote the 
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sorted output array by A'[l . .n]. Using the median-of-3 method to choose the 
pivot element x, define »; = Prix = ^4'fz'l}. 

^OH. — ^.-.1— — n-, 

^\(Note that p 1 = p n = 0.) 




,what amount have we increased the likelihood of choosing the pivot as 
/4'[[(« + 1)/2J], the median of A[l . .«], compared with the ordinary 
impi^ientation? Assume that n —> oo, and give the limiting ratio of these 
probamlMes. 

Y 

c. If we denja^)a "good" split to mean choosing the pivot as x = A'[i], where 
n/3 < i < ^(3, by what amount have we increased the likelihood of getting 
a good split coj*$ared with the ordinary implementation? (Hint: Approximate 
the sum by an integral.) 

d. Argue that in the \g n) running time of quicksort, the median-of-3 method 
affects only the constaa^ictor. 

7-6 Fuzzy sorting ofintervhi^ 

Consider a sorting problem in whMi we do not know the numbers exactly. In- 
stead, for each number, we know\n interval on the real line to which it belongs. 
That is, we are given n closed interwls of the form [a,-, b{\, where a, < bj. We 
wish to fuzzy-sort these intervals, i.e., )roduce a permutation (ij, i 2 , . . . , i n ) of 
the intervals such that for j = 1,2, . v^w, there exist Cj € [a,., b{.] satisfying 

ci < c 2 < ••• < c„. \y> 

a. Design a randomized algorithm for fuzzy-s^TJing n intervals. Your algorithm 
should have the general structure of an algori^&i that quicksorts the left end- 
points (the <3, values), but it should take advantage of overlapping intervals to 
improve the running time. (As the intervals overlap>more and more, the prob- 
lem of fuzzy-sorting the intervals becomes progressively easier. Your algorithm 
should take advantage of such overlapping, to the exreroS.hat it exists.) 

b. Argue that your algorithm runs in expected time &(n lg n) in general, but runs 
in expected time 0(«) when all of the intervals overlap (i.e., when there exists a 
value x such that x e [a, , ] for all i). Your algorithm should not be checking 
for this case explicitly; rather, its performance should naturally improve as the 
amount of overlap increases. 
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Chapter notes 

Xpk quicksort procedure was invented by Hoare [170]; Hoare's version appears in 
Prfjtjiem 7-1. The Partition procedure given in Section 7.1 is due to N. Lomuto. 
The ^nfclysis in Section 7.4 is due to Avrim Blum. Sedgewick [305] and Bent- 
ley [43^rovide a good reference on the details of implementation and how they 
matter. 

Mcilroy yf£48] showed how to engineer a "killer adversary" that produces an 
array on whichMrtually any implementation of quicksort takes 0(n 2 ) time. If the 
implementation^^ randomized, the adversary produces the array after seeing the 
random choices 8T the quicksort algorithm. 

C 

X 
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We have now mtraduced several algorithms that can sort n numbers in 0(«lg«) 
time. Merge sort an&Jieapsort achieve this upper bound in the worst case; quicksort 
achieves it on average^ Moreover, for each of these algorithms, we can produce a 
sequence of n input numbers that causes the algorithm to run in £l{n \gn) time. 

These algorithms share^an interesting property: the sorted order they determine 
is based only on compangom between the input elements. We call such sorting 
algorithms comparison so/to^All the sorting algorithms introduced thus far are 
comparison sorts. 

In Section 8.1, we shall pro\«e that any comparison sort must make Q,{n\gn) 
comparisons in the worst case to"©t n elements. Thus, merge sort and heapsort 
are asymptotically optimal, and no , ^6mparison sort exists that is faster by more 
than a constant factor. Q 

Sections 8.2, 8.3, and 8.4 examine thre^orting algorithms— counting sort, radix 
sort, and bucket sort— that run in linear ^he. Of course, these algorithms use 
operations other than comparisons to deter^r&p the sorted order. Consequently, 
the Q(n lg n) lower bound does not apply to thsm\ 

• 

8.1 Lower bounds for sorting 

In a comparison sort, we use only comparisons betweerf^ements to gain order 
information about an input sequence (ai,a 2 , ■ ■ ■ ,a n ). That is, given two elements 
a, and aj, we perform one of the tests a, < aj, a, < a, , a, = aj, a, > aj, or 
a, > Uj to determine their relative order. We may not inspect the values of the 
elements or gain order information about them in any other way. 

In this section, we assume without loss of generality that all the input elements 
are distinct. Given this assumption, comparisons of the form a, = a 7 are useless, 
so we can assume that no comparisons of this form are made. We also note that 
the comparisons a, < aj, a t > aj, a t > aj, and a, < a, are all equivalent in that 
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Figure 8.1 The detision tree for insertion sort operating on three elements. An internal node an- 
notated by i : j indicates a comparison between a; and aj . A leaf annotated by the permutation 
(jr(l), jt(2), n(j€)) indicates the ordering a^i) < a n(2) — — a it(n)- The shaded path 
indicates the decisiori^jmade when sorting the input sequence (<r/i = 6, aj = 8, 03 = 5); the 
permutation (3, 1,2) at t^f^eaf indicates that the sorted ordering is 03 = 5 < a\ = 6 < 02 = 8. 
There are 3! = 6 possible permutations of the input elements, and so the decision tree must have at 



least 6 leaves ' 



they yield identical information about the relative order of a, and aj. We therefore 
assume that all comparisons ftav^fhe form a, < aj. 

The decision-tree model * 

We can view comparison sorts abstractly in terms of decision trees. A decision 
tree is a full binary tree that representQhe comparisons between elements that 
are performed by a particular sorting algc(p)!hm operating on an input of a given 
size. Control, data movement, and all other^pects of the algorithm are ignored. 
Figure 8.1 shows the decision tree correspor^ffig to the insertion sort algorithm 
from Section 2.1 operating on an input sequence £5f\three elements. 

In a decision tree, we annotate each internal node/Ply i : j for some i and j in the 
range 1 <i,j < n, where n is the number of elements in the input sequence. We 
also annotate each leaf by a permutation (^(1), 7r(2), . .f?jt(n)), (See Section C.l 
for background on permutations.) The execution of the- sorting algorithm corre- 
sponds to tracing a simple path from the root of the decisidWree down to a leaf. 
Each internal node indicates a comparison a t < aj. The lefMiibtree then dictates 
subsequent comparisons once we know that a t < aj, and the right subtree dictates 
subsequent comparisons knowing that a, > a, . When we come to a leaf, the sort- 
ing algorithm has established the ordering ^(1) < a„(2) < ••• < fl»(n)- Because 
any correct sorting algorithm must be able to produce each permutation of its input, 
each of the n ! permutations on n elements must appear as one of the leaves of the 
decision tree for a comparison sort to be correct. Furthermore, each of these leaves 
must be reachable from the root by a downward path corresponding to an actual 
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execution of the comparison sort. (We shall refer to such leaves as "reachable.") 
Thus, we shall consider only decision trees in which each permutation appears as 
a reachable leaf. 

iCJower bound for the worst case 

The"<'f^S£th of the longest simple path from the root of a decision tree to any of 
its reaenable leaves represents the worst-case number of comparisons that the cor- 
responcnrre> sorting algorithm performs. Consequently, the worst-case number of 
compariso«s for a given comparison sort algorithm equals the height of its decision 
tree. A lowerbound on the heights of all decision trees in which each permutation 
appears as a reachable leaf is therefore a lower bound on the running time of any 
comparison sort^S^rithm. The following theorem establishes such a lower bound. 

Theorem 8.1 

Any comparison sort al^Srithm requires £l{n lg«) comparisons in the worst case. 

Proof From the precedrri^iiscussion, it suffices to determine the height of a 
decision tree in which each permutation appears as a reachable leaf. Consider a 
decision tree of height h wiuv7 reachable leaves corresponding to a comparison 
sort on n elements. Because each^f the n \ permutations of the input appears as 
some leaf, we have n\ < /. Since-a binary tree of height h has no more than 2 h 
leaves, we have 

n\<l<2 h , Q 
which, by taking logarithms, implies 

h > lg(«!) (since the lg function is mo@onically increasing) 

= £l(nlgn) (by equation (3.19)) . m 

o 

Corollary 8.2 /~\ 

Heapsort and merge sort are asymptotically optimal comp^son sorts. 

Proof The 0(n lg n) upper bounds on the running times for heapsort and merge 
sort match the Q(n lg n) worst-case lower bound from Theorem 8. 1. ■ 



Exercises 



8.1-1 

What is the smallest possible depth of a leaf in a decision tree for a comparison 
sort? 
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8.1-2 

, Obtain asymptotically tight bounds on lg(«!) without using Stirling's approxi- 
^mation. Instead, evaluate the summation YH=i^&k usm g techniques from Sec- 

mfiA.2. 

Showvfnat there is no comparison sort whose running time is linear for at least half 
of the wimputs of length n. What about a fraction of l/n of the inputs of length nl 
What aboWa fraction 1/2"? 

8.1-4 y>' 

Suppose that yorf£&re given a sequence of n elements to sort. The input sequence 
consists ofn/k subjtequences, each containing k elements. The elements in a given 
subsequence are all ^mailer than the elements in the succeeding subsequence and 
larger than the elementeXri the preceding subsequence. Thus, all that is needed to 
sort the whole sequence^! length n is to sort the k elements in each of the n/k 
subsequences. Show an £l{n \gk) lower bound on the number of comparisons 
needed to solve this variamo^the sorting problem. {Hint: It is not rigorous to 
simply combine the lower bour^for the individual subsequences.) 

jL, 

8.2 Counting sort \f 

Counting sort assumes that each of the « N ^ut elements is an integer in the range 
0 to k, for some integer k. When k = 0(n)^t sort runs in &(n) time. 

Counting sort determines, for each input el^rfie)it x, the number of elements less 
than x. It uses this information to place element@directly into its position in the 
output array. For example, if 17 elements are less th^n x, then x belongs in output 
position 18. We must modify this scheme slightly to handle the situation in which 
several elements have the same value, since we do not jf^nt to put them all in the 
same position. Q 

In the code for counting sort, we assume that the input is^aharray A[l . . «], and 
thus A. length = n. We require two other arrays: the array B[\ , .n] holds the 
sorted output, and the array C [0 . . k] provides temporary working storage. 
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Figure 8.2 The operation^^CoUNTING-SORT on an input array A[\ . . 8], where each element 
of A is a nonnegative integer irejarger than k = 5. (a) The array A and the auxiliary array C after 
line 5. (b) The array C after line.#\(c)-(e) The output array B and the auxiliary array C after one, 
two, and three iterations of the loop kjJines 10-12, respectively. Only the lightly shaded elements of 
array B have been filled in. (f) The Mai sorted output array B. 
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Counting-Sort (A, B, k) 

1 let C [0 . . k] be a new array 

2 for i = 0 to k 

3 C[i] = 0 

4 for j = 1 to A . length 

5 C[A[j]] = C[A[j]] + l 

6 // C [i] now contains the number of elemeWs#qual to i . 

7 for i = 1 to k C 

8 C[i] = C[/] + C[i - 1] • 

9 // C [i] now contains the number of elements lesCthan or equal to 

10 for j = A . length downto 1 O, 

11 B[C[A[j]]] = A[j] 

12 C[A[j]] = C[A[j]]-l 



Figure 8.2 illustrates counting sort. After the for loop of lines 2-3 initializes the 
array C to all zeros, the for loop of lines 4-5 inspects each input element. If the 
value of an input element is i, we increment C[i\. Thus, after line 5, C[i] holds 
the number of input elements equal to i for each integer i = 0, 1, . . . , k. Lines 7-8 
determine for each i = 0, 1, . . . , k how many input elements are less than or equal 
to i by keeping a running sum of the array C . 



Chapter 8 Sorting in Linear Time 



Finally, the for loop of lines 10-12 places each element A[j] into its correct 
sorted position in the output array B. If all n elements are distinct, then when we 
■^first enter line 10, for each A[j], the value C[-4[/]] is the correct final position 
il&A[j] in the output array, since there are C[j4[/]] elements less than or equal 
tofltt/l. Because the elements might not be distinct, we decrement C [/![/]] each 
timey^ place a value A[j] into the B array. Decrementing C [/![/]] causes the 
next inpnt element with a value equal to A[j], if one exists, to go to the position 
immedrnte+y before A [j] in the output array. 

How muck, time does counting sort require? The for loop of lines 2-3 takes 
time &(k), the few loop of lines 4-5 takes time 0(«), the for loop of lines 7-8 takes 
time &(k), ana the for loop of lines 10-12 takes time 0(«). Thus, the overall time 
is ®(k + n). In practice, we usually use counting sort when we have k = 0(n), in 
which case the runmng time is ©(«). 

Counting sort beate fhe,lower bound of Q,(n lg n) proved in Section 8.1 because 
it is not a comparison ^rt. In fact, no comparisons between input elements occur 
anywhere in the code. Instead, counting sort uses the actual values of the elements 
to index into an array. The<^(n lg n) lower bound for sorting does not apply when 
we depart from the comparis«£n^sort model. 

An important property of coUj^ng sort is that it is stable: numbers with the same 
value appear in the output array injhe same order as they do in the input array. That 
is, it breaks ties between two nunnVra by the rule that whichever number appears 
first in the input array appears first injhe output array. Normally, the property of 
stability is important only when sateilite^d^ta are carried around with the element 
being sorted. Counting sort's stability is important for another reason: counting 
sort is often used as a subroutine in radix VrarAs we shall see in the next section, 
in order for radix sort to work correctly, counting, sort must be stable. 



Exercises ^"C^ 
8.2-1 • 

Using Figure 8.2 as a model, illustrate the operation ofCfkrtJNTlNG-SORT on the 
array A = (6,0,2,0, 1,3,4,6, 1,3,2). O, 

8.2-2 ' 

Prove that COUNTING -SORT is stable. 

8.2-3 

Suppose that we were to rewrite the for loop header in line 10 of the COUNTING- 
SORT as 

10 for j = 1 to A. length 

Show that the algorithm still works properly. Is the modified algorithm stable? 
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\ 

8.2-4 

, Describe an algorithm that, given n integers in the range 0 to k, preprocesses its 
input and then answers any query about how many of the n integers fall into a 
y^range [a . . b] in 0(1) time. Your algorithm should use 0(« + k) preprocessing 
t^p 

V 

J® 

8.3 Radix sort Cv . 

Radix sort iVths algorithm used by the card-sorting machines you now find only in 
computer muse<nms. The cards have 80 columns, and in each column a machine can 
punch a hole in 12 places. The sorter can be mechanically "programmed" 

to examine a giveiCcolumn of each card in a deck and distribute the card into one 
of 12 bins dependirig^bn which place has been punched. An operator can then 
gather the cards bin by(pih, so that cards with the first place punched are on top of 
cards with the second pla^punched, and so on. 

For decimal digits, each/cblumn uses only 10 places. (The other two places 
are reserved for encoding noi^imeric characters.) A d -digit number would then 
occupy a field of d columns. Since the card sorter can look at only one column 
at a time, the problem of sortingvjf^ards on a d -digit number requires a sorting 
algorithm. 

Intuitively, you might sort numbers/Oia their most significant digit, sort each of 
the resulting bins recursively, and then canobine the decks in order. Unfortunately, 
since the cards in 9 of the 10 bins musN&e»ut aside to sort each of the bins, this 
procedure generates many intermediate pilesof cards that you would have to keep 
track of. (See Exercise 8.3-5.) r\ 

Radix sort solves the problem of card sorting ^-cpiinterintuitively— by sorting on 
the least significant digit first. The algorithm thenvcombines the cards into a single 
deck, with the cards in the 0 bin preceding the caflds in the 1 bin preceding the 
cards in the 2 bin, and so on. Then it sorts the entire de^cj^again on the second-least 
significant digit and recombines the deck in a like manr© Jhe process continues 
until the cards have been sorted on all d digits. Remai - kabT^at that point the cards 
are fully sorted on the d -digit number. Thus, only d passes through the deck are 
required to sort. Figure 8.3 shows how radix sort operates on a "deck" of seven 
3-digit numbers. 

In order for radix sort to work correctly, the digit sorts must be stable. The sort 
performed by a card sorter is stable, but the operator has to be wary about not 
changing the order of the cards as they come out of a bin, even though all the cards 
in a bin have the same digit in the chosen column. 
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Figure 8.3Q^he operation of radix sort on a list of seven 3-digit numbers. The leftmost column is 
the input. Th^fefriaining columns show the list after successive sorts on increasingly significant digit 
positions. Shacfmg^ndicates the digit position sorted on to produce each list from the previous one. 

In a typical conagtyter, which is a sequential random-access machine, we some- 
times use radix sort te^ort records of information that are keyed by multiple fields. 
For example, we mightwish to sort dates by three keys: year, month, and day. We 
could run a sorting algorithm with a comparison function that, given two dates, 
compares years, and if tnera is a tie, compares months, and if another tie occurs, 
compares days. Alternatiwfyvwe could sort the information three times with a 
stable sort: first on day, next on month, and finally on year. 

The code for radix sort is straightforward. The following procedure assumes that 
each element in the n -element arra^ AMas, d digits, where digit 1 is the lowest-order 
digit and digit d is the highest-orderCdigit. 



Radix-Sort(^, d) O 

1 for i = 1 to d v9*. 

2 use a stable sort to sort array A on dl 



Lemma 8.3 /\ 

Given n d -digit numbers in which each digit can take on up to k possible values, 
Radix-Sort correctly sorts these numbers in &(d(rf+Jc)) time if the stable sort 
it uses takes &(n + k) time. 

Proof The correctness of radix sort follows by induction**^ the column being 
sorted (see Exercise 8.3-3). The analysis of the running time depends on the stable 
sort used as the intermediate sorting algorithm. When each digit is in the range 0 
to k— 1 (so that it can take on k possible values), and k is not too large, counting sort 
is the obvious choice. Each pass over n d -digit numbers then takes time ®(n + k). 
There are d passes, and so the total time for radix sort is &(d(n + k)). m 



When d is constant and k = 0(n), we can make radix sort run in linear time. 
More generally, we have some flexibility in how to break each key into digits. 
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Lemma 8.4 

Given n b-bit numbers and any positive integer r < b, Radix-Sort correctly sorts 
\§\ these numbers in ®((b/r)(n + 2 r )) time if the stable sort it uses takes &(n + k) 
/nme for inputs in the range 0 to k. 

P^H*^ For a value r < we view each key as having d = \b/r] digits of r bits 
each^fiach digit is an integer in the range 0 to 2 r — 1, so that we can use counting 
sort wnW: = 2 r — 1. (For example, we can view a 32-bit word as having four 8-bit 
digits, sVmat b — 32, r = 8, k = 2 r — 1 = 255, and d = b / r = 4.) Each pass of 
counting s«rt lakes time Q(n + k) = Q(n + 2 r ) and there are d passes, for a total 
running timYo£0(t/(w + 2 r )) = @((b/r)(n + 2 r )). u 

For given va of n and b, we wish to choose the value of r, with r < b, 
that minimizes the(^expression (b/r)(n + 2 r ). If b < [ign\, then for any value 
of r < b, we have th^(« + 2 r ) = ®(n). Thus, choosing r = b yields a running 
time of (b/b)(n + 2 6 V=^ ®(n), which is asymptotically optimal. If b > [\gn\, 
then choosing r = [lg /{^gives the best time to within a constant factor, which 
we can see as follows. Choking r = [lg n\ yields a running time of &(bn /Ign). 
As we increase r above [lg "(j^the 2 r term in the numerator increases faster than 
the r term in the denominator, and so increasing r above [lg n\ yields a running 
time of Q.(bn / \gn). If instead wce^were to decrease r below |_lg^J> then the b/r 
term increases and the n + 2 r term~ren*ains at 0(n). 

Is radix sort preferable to a comparison-based sorting algorithm, such as quick- 
sort? If b = 0(lg n), as is often the case^and we choose r m Ign, then radix sort's 
running time is 0(«), which appears to b^better than quicksort's expected running 
time of 0(« lgn). The constant factors hioaen in the 0 -notation differ, however. 
Although radix sort may make fewer passe'S^han quicksort over the n keys, each 
pass of radix sort may take significantly longer, ©hich sorting algorithm we prefer 
depends on the characteristics of the implementations, of the underlying machine 
(e.g., quicksort often uses hardware caches more effectively than radix sort), and 
of the input data. Moreover, the version of radix sort Kpi uses counting sort as the 
intermediate stable sort does not sort in place, which rr(ar)y of the 0(« lg«)-time 
comparison sorts do. Thus, when primary memory storag^is at a premium, we 
might prefer an in-place algorithm such as quicksort. 



Exercises 
8.3-1 

Using Figure 8.3 as a model, illustrate the operation of Radix-Sort on the fol- 
lowing list of English words: COW, DOG, SEA, RUG, ROW, MOB, BOX, TAB, 
BAR, EAR, TAR, DIG, BIG, TEA, NOW, FOX. 



200 Chapter 8 Sorting in Linear Time 

^ 8.3-2 

. Which of the following sorting algorithms are stable: insertion sort, merge sort, 
•^heapsort, and quicksort? Give a simple scheme that makes any sorting algorithm 
«fm>le. How much additional time and space does your scheme entail? 

s .% 

Use hrfcWtion to prove that radix sort works. Where does your proof need the 
assumption that the intermediate sort is stable? 

8.3-4 ^> 

Show how to^rt n integers in the range 0 to « 3 — 1 in O(n) time. 
8.3-5 * 

In the first card-sorting; algorithm in this section, exactly how many sorting passes 
are needed to sort (i-tiigjt-decimal numbers in the worst case? How many piles of 
cards would an operator n«ed to keep track of in the worst case? 

% 

8.4 Bucket sort 0 

Bucket sort assumes that the input awn from a uniform distribution and has an 
average-case running time of 0(n). hike counting sort, bucket sort is fast because 
it assumes something about the input. W^e)"eas counting sort assumes that the input 
consists of integers in a small range, bucke^^rt assumes that the input is generated 
by a random process that distributes eleme^t^uniformly and independently over 
the interval [0, 1). (See Section C.2 for a defini^p of uniform distribution.) 

Bucket sort divides the interval [0, 1) into n eqi^-sized subintervals, or buckets, 
and then distributes the n input numbers into the buo&pts. Since the inputs are uni- 
formly and independently distributed over [0, 1), we do not expect many numbers 
to fall into each bucket. To produce the output, we simply>sort the numbers in each 
bucket and then go through the buckets in order, listing me-elements in each. 

Our code for bucket sort assumes that the input is anSr^eJement array A and 
that each element A[i] in the array satisfies 0 < A[i] < 1. < ^ne code requires an 
auxiliary array B[0. .n — 1] of linked lists (buckets) and assumes that there is a 
mechanism for maintaining such lists. (Section 10.2 describes how to implement 
basic operations on linked lists.) 
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Figure 8.4 The operati)^oLBuCKET-SORT for n = 10. (a) The input array A[l . . 10]. (b) The 
array B[0 . . 9] of sorted lis(jT (buckets) after line 8 of the algorithm. Bucket i holds values in the 
half-open interval [i/10, (i + The sorted output consists of a concatenation in order of the 

lists B[0],B[1], ...,B[9]. 

Bucket-Sort(^) 

let B [0 . . n — 1] be a new arrEfj^ 
n = A. length \^ 
for i = 0 to n - 1 Q 

make B[i] an empty list (~\ 
for i = 1 to /j 

insert ^ [z ] into list B[[n^4[i"]J] 
for j = 0 to n — 1 ^ 

8 sort list B[i] with insertion sort X 

9 concatenate the lists S[0], B[l], . . . , B[n — 1] together in order 

Figure 8.4 shows the operation of bucket sort on an inpirl! array of 10 numbers. 

To see that this algorithm works, consider two elemerOj[/] and A[j}. Assume 
without loss of generality that A[i] < A[j}. Since [nA{fy\ < [nA[j]\, either 
element A[i] goes into the same bucket as A[j ] or it goes into a bucket with a lower 
index. If A[i] and A[j ] go into the same bucket, then the for loop of lines 7-8 puts 
them into the proper order. If A[i] and A[j] go into different buckets, then line 9 
puts them into the proper order. Therefore, bucket sort works correctly. 

To analyze the running time, observe that all lines except line 8 take 0(n) time 
in the worst case. We need to analyze the total time taken by the n calls to insertion 
sort in line 8. 
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To analyze the cost of the calls to insertion sort, let n, be the random variable 
denoting the number of elements placed in bucket B[i]. Since insertion sort runs 
Quadratic time (see Section 2.2), the running time of bucket sort is 

v 

V <=° 

We rtew^inalyze the average-case running time of bucket sort, by computing the 
expected 'value of the running time, where we take the expectation over the input 
distribution. ^Takjng expectations of both sides and using linearity of expectation, 
we have \ 

E[T(n)] = E V£k) + £c>(«f) 

= 0(«) + )OE (by linearity of expectation) 

n-l S\ 

= 0(b) + ^ 0 (Kjif]) (by equation (C.22)) . (8.1) 

(=0 

We claim that ^ 

E[«f] = 2-l/« ^ (8 .2) 

for i = 0, 1, ... ,n — 1. It is no surprise .rfpkeach bucket / has the same value of 
E [nf], since each value in the input array A ^equally likely to fall in any bucket. 
To prove equation (8.2), we define indicator rai^m variables 

Xtj =l{A[j] falls in bucket i } 

for i = 0, 1 , . . . , n — 1 and j = 1,2, ... ,n. Thus, . 

<> 

To compute E [nf], we expand the square and regroup terms: 
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E[nf] 



4 



4. 



n n 

EE*"* 

j=i k=i 



ik 



®- E 



E4+ E E 



7=1 l</<« l<fc<« 



E [4] + E E EKv^fc] . 



(8.3) 



1<7<« l<fc<« 
M.7 



where the last line Tollpws by linearity of expectation. We evaluate the two sum- 
mations separately. fhdi 
otherwise, and therefore 

E[4] = l 2 



mations separately. Indicator random variable Xy is 1 with probability l/n and 0 
ire > 



1 



•<5 



When k ^ j , the variables and '^Tfcare independent, and hence 
EfX^] = E[Z y ]E[Z jk ] Q 
= I.I 



77 77 
1 



o 



Substituting these two expected values in equation (£.3), we obtain 

/' = i i<;'<« i<7c<« <y 
My ' 

1 1 

= 77 ■ - + 77 (77 - 1) • — 



1 + 



77 - 1 



2- - 
77 



which proves equation (8.2). 
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Using this expected value in equation (8.1), we conclude that the average-case 
running time for bucket sort is &(n) + n ■ 0(2 — l/n) = &(n). 

Even if the input is not drawn from a uniform distribution, bucket sort may still 
fdp in linear time. As long as the input has the property that the sum of the squares 
of(tte bucket sizes is linear in the total number of elements, equation (8.1) tells us 
that bosket sort will run in linear time. 

"® 

Exercise^) 
8.4-1 

Using Figure ^4as a model, illustrate the operation of Bucket-Sort on the array 
A = (.79, .13,*$, .64, .39, .20, .89, .53, .71, .42). 

8.4-2 

Explain why the worskease running time for bucket sort is ®(n ). What simple 
change to the algorithm ^serves its linear average-case running time and makes 
its worst-case running time^(n lg «)? 

Let X be a random variable thatis equal to the number of heads in two flips of a 
fair coin. What is E [X 2 ]? What isflgX]? 

8.4-4 * 

We are given n points in the unit circle, @ = (x, , _y, ), such that 0 < xf + yf < 1 
for i = 1,2, ... ,n. Suppose that the poin^)are uniformly distributed; that is, the 
probability of finding a point in any region qf^he circle is proportional to the area 
of that region. Design an algorithm with a n a^^ge -case running time of 0(«) to 
sort the n points by their distances d t = V xf "+"^from the origin. (Hint: Design 
the bucket sizes in Bucket-Sort to reflect the uniJfcg-m distribution of the points 
in the unit circle.) 

8.4-5 * O 

A probability distribution function P(x) for a randonOgriable X is defined 
by P(x) = Pr{X < x}. Suppose that we draw a list of^ random variables 
Xi,X 2 , . . . ,X n from a continuous probability distribution function P that is com- 
putable in 0(1) time. Give an algorithm that sorts these numbers in linear average- 
case time. 



8.4-3 
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-h. 

Problen^s 

\S-1 Probabilistic lower bounds on comparison sorting 
If^hh problem, we prove a probabilistic Q(n lg n) lower bound on the running time 
of 'dm' deterministic or randomized comparison sort on n distinct input elements. 
We b#g)n by examining a deterministic comparison sort A with decision tree T A . 
We assise that every permutation of ^4's inputs is equally likely. 

a. Suppose that each leaf of T A is labeled with the probability that it is reached 
given a random input. Prove that exactly n ! leaves are labeled l/n ! and that the 
rest are labared. 0. 

b. Let D(T) dend^the external path length of a decision tree T; that is, D(T) 
is the sum of theytepths of all the leaves of T. Let T be a decision tree with 
k > 1 leaves, and \QTT and RT be the left and right subtrees of T. Show that 
D(T) = D(LT) + D(k>T) + k. 

c. Let d(k) be the minimunwalue of D(T) over all decision trees T with k > 1 
leaves. Show that d(k) =min !<,•<*- 1 {d(i) + d(k — i) + k}. (Hint: Consider 
a decision tree T with k leavestk|t achieves the minimum. Let i 0 be the number 
of leaves in LT and k — i 0 the mlmber of leaves in RT.) 

d. Prove that for a given value of k and i in the range 1 < i < k — 1, the 
function / lg / + (k — i) lg(k — i) ^^hinimized at i = k/2. Conclude that 
d(k) = Q(k]gk). 

e. Prove that D(T A ) = Q(n\ lg («!)), and con^de that the average-case time to 
sort « elements is Q.(n lg «). ^\ 

Now, consider a randomized comparison sort B. can extend the decision- 
tree model to handle randomization by incorporating two-kinds of nodes: ordinary 
comparison nodes and "randomization" nodes. A randWji^ation node models a 
random choice of the form RANDOM (1, r) made by algorifBm B; the node has r 
children, each of which is equally lrkely to be chosen during an execution of the 
algorithm. 



/. Show that for any randomized comparison sort B, there exists a deterministic 
comparison sort A whose expected number of comparisons is no more than 
those made by B. 
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8-2 Sorting in place in linear time 

Suppose that we have an array of n data records to sort and that the key of each 
•Record has the value 0 or 1 . An algorithm for sorting such a set of records might 
frasess some subset of the following three desirable characteristics: 

1. algorithm runs in O(n) time. 

2. Thq^gorithm is stable. 

3. The algorithm sorts in place, using no more than a constant amount of storage 
space irtlyidition to the original array. 



a. Give an algN^fchm that satisfies criteria 1 and 2 above. 

b. Give an algori&Sn^hat satisfies criteria 1 and 3 above. 

c. Give an algorithm satisfies criteria 2 and 3 above. 

d. Can you use any of yotfKsorting algorithms from pails (a)-(c) as the sorting 
method used in line 2 oT^&dix-Sort, so that Radix-Sort sorts n records 
with b-bit keys in 0(bri) tim^ Explain how or why not. 

e. Suppose that the n records haveJs&ys in the range from 1 to k. Show how to 
modify counting sort so that it sorts the records in place in 0(n + k) time. You 
may use 0(k) storage outside the mput array. Is your algorithm stable? {Hint: 
How would you do it for k — 3?) 

sy 

8-3 Sorting variable-length items y\ 

a. You are given an array of integers, where ofeierent integers may have different 
numbers of digits, but the total number of digits-ow all the integers in the array 



is n. Show how to sort the array in 0(n) time. 



6^r 



b. You are given an array of strings, where different (frjngs may have different 
numbers of characters, but the total number of charai^rs over all the strings 
is n. Show how to sort the strings in 0(n) time. 

(Note that the desired order here is the standard alphabetical order; for example, 
a < ab < b.) 



8-4 Water jugs 

Suppose that you are given n red and n blue water jugs, all of different shapes and 
sizes. All red jugs hold different amounts of water, as do the blue ones. Moreover, 
for every red jug, there is a blue jug that holds the same amount of water, and vice 
versa. 
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Your task is to find a grouping of the jugs into pairs of red and blue jugs that hold 
the same amount of water. To do so, you may perform the following operation: pick 
\§\ a pair of jugs in which one is red and one is blue, fill the red jug with water, and 
v'nien pour the water into the blue jug. This operation will tell you whether the red 
(wCjhe blue jug can hold more water, or that they have the same volume. Assume 
tharaich a comparison takes one time unit. Your goal is to find an algorithm that 
makasra minimum number of comparisons to determine the grouping. Remember 
that you^tyay not directly compare two red jugs or two blue jugs. 

a. Descrif^ a deterministic algorithm that uses 0(« 2 ) comparisons to group the 
jugs intOLpVirs. 

b. Prove a low€rrbound of £l(n lg n) for the number of comparisons that an algo- 
rithm solving Tto problem must make. 

c. Give a randoirnis^d .algorithm whose expected number of comparisons is 
0(n lg«), and pro\^ that this bound is correct. What is the worst-case num- 
ber of comparisons fo^^ur algorithm? 

8-5 Average sorting 

Suppose that, instead of sorting «n ajray, we just require that the elements increase 
on average. More precisely, we v @ll an n -element array A k -sorted if, for all 
i = 1,2, ... ,n — k, the following hx^as: 

a. What does it mean for an array to be 1-sor^tted? 

b. Give a permutation of the numbers 1,2,... G^h at is 2-sorted, but not sorted. 

c. Prove that an n -element array is A>sorted if and gnly if A[i] < A[i + k] for all 
i = 1, 2, — k. 

d. Give an algorithm that ^-sorts an ^-element array in (^m, lg(/t / k)) time. 

We can also show a lower bound on the time to produce a ^-sorted array, when k 
is a constant. 

e. Show that we can sort a ^-sorted array of length n in 0(n lg k) time. (Hint: 
Use the solution to Exercise 6.5-9. ) 

/. Show that when k is a constant, ^-sorting an «-element array requires Q(n lg n) 
time. (Hint: Use the solution to the previous part along with the lower bound 
on comparison sorts.) 
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8-6 Lower bound on merging sorted lists 

The problem of merging two sorted lists arises frequently. We have seen a pro- 
•^bedure for it as the subroutine Merge in Section 2.3.1. In this problem, we will 
fifove a lower bound of In — 1 on the worst-case number of comparisons required 
to fl&rge two sorted lists, each containing n items. 

FifSnwe will show a lower bound of 2n — o(n) comparisons by using a decision 
tree. ^ 

a. Giver/^)? numbers, compute the number of possible ways to divide them into 
two sorK0 lists, each with n numbers. 

b. Using a decjjsfon tree and your answer to part (a), show that any algorithm that 
correctly merger^wo sorted lists must perform at least 2n — o(n) comparisons. 

Now we will show aC^ightly tighter 2n — 1 bound. 

c. Show that if two eleW*(ts are consecutive in the sorted order and from different 
lists, then they must be ^nripared. 

d. Use your answer to the previous part to show a lower bound of 2n — 1 compar- 
isons for merging two sorteajists. 

8-7 The 0-1 sorting lemma and colunmsort 

A compare-exchange operation on twbCarray elements A [i ] and A[j], where i < j , 
has the form O 

Compare-Exchange 04, i, j) ^ 

1 if A[i]>A[j] 

2 exchange A[i] with A[j] Q 

After the compare-exchange operation, we know thctt^4[/] < A[j]. 

An oblivious compare-exchange algorithm operales-solely by a sequence of 
prespecified compare-exchange operations. The indicesSauhe positions compared 
in the sequence must be determined in advance, and alraQwgh they can depend 
on the number of elements being sorted, they cannot depenffon the values being 
sorted, nor can they depend on the result of any prior compare-exchange operation. 
For example, here is insertion sort expressed as an oblivious compare-exchange 
algorithm: 

Insertion-Sort (A) 

1 for j = 2 to A . length 

2 for i = j — I downto 1 

3 Compare-Exchange(^4, i, i + 1) 
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The 0-1 sorting lemma provides a powerful way to prove that an oblivious 
compare-exchange algorithm produces a sorted result. It states that if an oblivi- 
^\ ous compare-exchange algorithm correctly sorts all input sequences consisting of 
v^only Os and Is, then it correctly sorts all inputs containing arbitrary values. 

qOTou will prove the 0-1 sorting lemma by proving its contrapositive: if an oblivi- 
ou^tympare-exchange algorithm fails to sort an input containing arbitrary values, 
therr^feils to sort some 0-1 input. Assume that an oblivious compare-exchange al- 
goritmrKX fails to correctly sort the array A[l . . n]. Let A[p] be the smallest value 
in A that aicorithm X puts into the wrong location, and let A [q] be the value that 
algorithm % moves to the location into which A[p] should have gone. Define an 
array B[\ . . w|^f 0s and Is as follows: 

'o if^K<^], 

1 xfA[fc>A[p}. 
a. Argue that A[q] > $p], so that B[p] = 0 and B[q] = 1. 



B[i] 



b. To complete the proof b^te 0-1 sorting lemma, prove that algorithm X fails to 
sort array B correctly. ^ 

Now you will use the 0-1 sortim^emma to prove that a particular sorting algo- 
rithm works correctly. The algomhm^columnsort, works on a rectangular array 
of n elements. The array has r row^and s columns (so that n = rs), subject to 
three restrictions: o 

• r must be even, \& 

• s must be a divisor of r, and 

• r > 2s 2 . O v 

When columnsort completes, the array is sorted in column-major order: reading 
down the columns, from left to right, the elements monotonically increase. 

Columnsort operates in eight steps, regardless of fhe^ue of n. The odd steps 
are all the same: sort each column individually. Each even^tep is a fixed permuta- 
tion. Here are the steps: < 

1. Sort each column. 

2. Transpose the array, but reshape it back to r rows and s columns. In other 
words, turn the leftmost column into the top r/s rows, in order; turn the next 
column into the next r/s rows, in order; and so on. 

3. Sort each column. 

4. Perform the inverse of the permutation performed in step 2. 
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7 15 18 3\j? 14 3 9 15 6 12 18 

(f) <Jk) (h) (i) 

Figure 8.5 The steps of colunmsjsrt. (a) The input array with 6 rows and 3 columns, (b) After 
sorting each column in step 1. (c) Arrer transposing and reshaping in step 2. (d) After sorting each 
column in step 3. (e) After performrna-step 4, which inverts the permutation from step 2. (f) After 
sorting each column in step 5. (g) Aftlsrshifting by half a column in step 6. (h) After sorting each 
column in step 7. (i) After performing sttp 8>^vhich inverts the permutation from step 6. The array 

\ 

5. Sort each column. Q 

6. Shift the top half of each column into<^bottom half of the same column, and 
shift the bottom half of each column into^tSktop half of the next column to the 
right. Leave the top half of the leftmost omumn empty. Shift the bottom half 
of the last column into the top half of a new(oghtmost column, and leave the 
bottom half of this new column empty. 

7. Sort each column. • 

8. Perform the inverse of the permutation performed in st^ 6. 

Figure 8.5 shows an example of the steps of columnsort and s = 3. 

(Even though this example violates the requirement that r > 2s 2 , it happens to 
work.) 

c. Argue that we can treat columnsort as an oblivious compare-exchange algo- 
rithm, even if we do not know what sorting method the odd steps use. 

Although it might seem hard to believe that columnsort actually sorts, you will 
use the 0-1 sorting lemma to prove that it does. The 0-1 sorting lemma applies 
because we can treat columnsort as an oblivious compare-exchange algorithm. A 
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couple of definitions will help you apply the 0-1 sorting lemma. We say that an area 
, of an array is clean if we know that it contains either all 0s or all Is. Otherwise, 
^\ the area might contain mixed 0s and Is, and it is dirty. From here on, assume that 
•Sme input array contains only 0s and Is, and that we can treat it as an array with r 
— \s and s columns. 



d. ^l^ove that after steps 1-3, the array consists of some clean rows of 0s at the top, 

clean rows of 1 s at the bottom, and at most s dirty rows between them. 

e. Provevfnjit after step 4, the array, read in column-major order, starts with a clean 
area of Q^'ends with a clean area of Is, and has a dirty area of at most s 2 
elements yj^he middle. 

/. Prove that ste"p^s£-8 produce a fully sorted 0- 1 output. Conclude that column- 



sort correctly sorts Jill inputs containing arbitrary values. 

x\ 

g. Now suppose that ((does not divide r. Prove that after steps 1-3, the array 
consists of some clea(^rows of 0s at the top, some clean rows of Is at the 
bottom, and at most 2s(^ 1 dirty rows between them. How large must r be, 
compared with s, for colu^sort to correctly sort when s does not divide r? 

h. Suggest a simple change to *te^ 1 that allows us to maintain the requirement 
that r > 2s 2 even when 5 does^iopdivide r, and prove that with your change, 
columnsort correctly sorts. ^ q 
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The decision-tree model for studying comparison^sorts was introduced by Ford 
and Johnson [110]. Knuth's comprehensive treatise on sorting [211] covers many 
variations on the sorting problem, including the information-theoretic lower bound 
on the complexity of sorting given here. Ben-Or [39] studied lower bounds for 
sorting using generalizations of the decision-tree modelN-^A, 

Knuth credits H. H. Seward with inventing counting sort^ 1954, as well as with 
the idea of combining counting sort with radix sort. Radix sorting stalling with the 
least significant digit appears to be a folk algorithm widely used by operators of 
mechanical card-sorting machines. According to Knuth, the first published refer- 
ence to the method is a 1929 document by L. J. Comrie describing punched-card 
equipment. Bucket sorting has been in use since 1956, when the basic idea was 
proposed by E. J. Isaac and R. C. Singleton [188]. 

Munro and Raman [263] give a stable sorting algorithm that performs 0(n 1+€ ) 
comparisons in the worst case, where 0 < e < 1 is any fixed constant. Although 
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any of the 0(n lg«)-time algorithms make fewer comparisons, the algorithm by 
Munro and Raman moves data only 0{n) times and operates in place. 

The case of sorting n 6-bit integers in o(n\gn) time has been considered by 
■jrfany researchers. Several positive results have been obtained, each under slightly 
different assumptions about the model of computation and the restrictions placed 
on fl^e^lgorifhm. All the results assume that the computer memory is divided into 
addressable 6-bit words. Fredman and Willard [115] introduced the fusion tree data 
structure and used it to sort n integers in 0(n lgn/lglg/i) time. This bound was 
later improved to 0(n ylgn) time by Andersson [16]. These algorithms require 
the use of mtfltk)lication and several precomputed constants. Andersson, Hagerup, 
Nilsson, and Raman [17] have shown how to sort n integers in 0(n lglg«) time 
without using mmtiplication, but their method requires storage that can be un- 
bounded in terms vfjk Using multiplicative hashing, we can reduce the storage 
needed to 0(n), buMhqathe 0(nlglgn) worst-case bound on the running time 
becomes an expected^me. bound. Generalizing the exponential search trees of 
Andersson [16], ThorupCpS^] gave an 0(n(lg lg «) 2 )-time sorting algorithm that 
does not use multiplication^ randomization, and it uses linear space. Combining 
these techniques with some ideas, Han [158] improved the bound for sorting 
to 0(n lg lg n lg lg lg n) time. A^Hjdough these algorithms are important theoretical 
breakthroughs, they are all fairly complicated and at the present time seem unlikely 
to compete with existing sorting algdnthms in practice. 

The columnsort algorithm in Problem^-7 is by Leighton [227]. 

O 
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1 • ~ Medians and Order Statistics 

% 

The ith order sfqtistic of a set of n elements is the ith smallest element. For 
example, the miniiMum of a set of elements is the first order statistic (2 = 1), 
and the maximunris ihe «th order statistic (i = n). A median, informally, is 
the "halfway point" of tt*e set. When n is odd, the median is unique, occurring at 
i = (n + l)/2. When n i^even, there are two medians, occurring at i = n/2 and 
i = n/2+ 1. Thus, regaraiej>frof the parity of n, medians occur at i = [(n + 1)/2J 
(the lower median) and / ^ Un + l)/2] (the upper median). For simplicity in 
this text, however, we consistently use the phrase "the median" to refer to the lower 
median. • > 

This chapter addresses the pro@m. of selecting the ith order statistic from a 
set of n distinct numbers. We assume for convenience that the set contains dis- 
tinct numbers, although virtually everj@ing that we do extends to the situation in 
which a set contains repeated values. W^)formally specify the selection problem 
as follows: \§\ 

Input: A set A of n (distinct) numbers and^n-^eger i, with 1 < i <n. 
Output: The element x e A that is larger than ex^tly i — 1 other elements of A. 

We can solve the selection problem in 0(n lg n) time, since we can sort the num- 
bers using heapsort or merge sort and then simply racfex the ith element in the 
output array. This chapter presents faster algorithms. O > 

In Section 9.1, we examine the problem of selecting fq<pminimum and maxi- 
mum of a set of elements. More interesting is the general selection problem, which 
we investigate in the subsequent two sections. Section 9.2 analyzes a practical 
randomized algorithm that achieves an O(n) expected running time, assuming dis- 
tinct elements. Section 9.3 contains an algorithm of more theoretical interest that 
achieves the 0{n) running time in the worst case. 
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9.1 Minimum and maximum 

^< 

njw many comparisons are necessary to determine the minimum of a set of n 
elejijknfs? We can easily obtain an upper bound of n — 1 comparisons: examine 
eacbflptement of the set in turn and keep track of the smallest element seen so 
far. In(f% following procedure, we assume that the set resides in array A, where 
A. lengthen. 




Minimum( 

1 min = A 

2 for i = 2 to 

3 if min > 

4 min 

5 return min 

We can, of course, find theVfajrimum with n — 1 comparisons as well. 

Is this the best we can do?- Yes, since we can obtain a lower bound of n — 1 
comparisons for the problem oraetermining the minimum. Think of any algorithm 
that determines the minimum as a»tou/nament among the elements. Each compar- 
ison is a match in the tournament uC^hich the smaller of the two elements wins. 
Observing that every element except "^fe winner must lose at least one match, we 
conclude that n — 1 comparisons are nectary to determine the minimum. Hence, 
the algorithm Minimum is optimal wifh^p&pect to the number of comparisons 
performed. \§l 

Simultaneous minimum and maximum O 

c 

In some applications, we must find both the minimum and the maximum of a set 
of n elements. For example, a graphics program may*need to scale a set of (x, y) 
data to fit onto a rectangular display screen or other gr^mical output device. To 
do so, the program must first determine the minimum and W^irimum value of each 
coordinate. V* 

At this point, it should be obvious how to determine both the minimum and the 
maximum of n elements using 0(«) comparisons, which is asymptotically optimal: 
simply find the minimum and maximum independently, using n — 1 comparisons 
for each, for a total of 2n — 2 comparisons. 

In fact, we can find both the minimum and the maximum using at most 3 \ n / 2J 
comparisons. We do so by maintaining both the minimum and maximum elements 
seen thus far. Rather than processing each element of the input by comparing it 
against the current minimum and maximum, at a cost of 2 comparisons per element, 
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we process elements in pairs. We compare pairs of elements from the input first 
, with each other, and then we compare the smaller with the current minimum and 
\§\ the larger to the current maximum, at a cost of 3 comparisons for every 2 elements. 

How we set up initial values for the current minimum and maximum depends 
mOjvhefher n is odd or even. If n is odd, we set both the minimum and maximum 
to $m value of the first element, and then we process the rest of the elements in 
pairls^Sf n is even, we perform 1 comparison on the first 2 elements to determine 
the imtirisvalues of the minimum and maximum, and then process the rest of the 
elements- utJjairs as in the case for odd n . 

Let us anaW«e the total number of comparisons. If n is odd, then we perform 
3 [n/2\ comparisons. If n is even, we perform 1 initial comparison followed by 
3(n — 2)/2 comparisons, for a total of 3n/2 — 2. Thus, in either case, the total 
number of comparisons is at most 3 [n / 2J . 

Exercises 

Show that the second smattest of n elements can be found with n + [Tg ii\ — 2 
comparisons in the worst cast(S§Hint: Also find the smallest element.) 

9.1-2 * 

Prove the lower bound of \3n/2~y^ Comparisons in the worst case to find both 
the maximum and minimum of n numbers. {Hint: Consider how many numbers 
are potentially either the maximum or minimum, and investigate how a comparison 
affects these counts.) 

% 



9.2 Selection in expected linear time <A 

• 

The general selection problem appears more difficult^tP^n the simple problem of 
finding a minimum. Yet, surprisingly, the asymptotic ruffijing time for both prob- 
lems is the same: ®(n). In this section, we present a dividend-conquer algorithm 
for the selection problem. The algorithm RANDOMlZED-SfiLECT is modeled after 
the quicksort algorithm of Chapter 7. As in quicksort, we partition the input array 
recursively. But unlike quicksort, which recursively processes both sides of the 
partition, Randomized-Select works on only one side of the partition. This 
difference shows up in the analysis: whereas quicksort has an expected running 
time of &(n Ign), the expected running time of Randomized -Select is 0(«), 
assuming that the elements are distinct. 
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Randomized-Select uses the procedure Randomized-Partition intro- 
duced in Section 7.3. Thus, like RANDOMlZED-QuiCKSORT, it is a randomized al- 
^g-orithm, since its behavior is determined in pail by the output of a random-number 
-gaerator. The following code for Randomized-Select returns the ith smallest 
el^ttjpnt of the array A[p . . r]. 

Rant^L^ized -S elect (A, p,r,i) 

1 Hp=Sy 

2 retpfn A[p] 

3 q = RA , ?WfMIZED-PARTITION(^4, p, r) 

4 k = q-piH 

5 if i == k \. r\ // the pivot value is the answer 

6 return ^felA 

7 elseif i < k ^ * * 

8 return Rand&mked -S elect {A , p, q — 1, i ) 

9 else return Randomjzed-Select(^, q + 1, r, i — k) 

The Randomized-Selegj procedure works as follows. Line 1 checks for the 
base case of the recursion, in Qwiich the subarray A [p . . r] consists of just one 
element. In this case, i must equal Land we simply return A[p] in line 2 as the 
ith smallest element. Otherwise, tr^call to Randomized-Partition in line 3 
partitions the array A[p..r] into tw<^(possibly empty) subarrays A[p..q — 1] 
and A[q + 1 . . r] such that each element) of A[p . . q — 1] is less than or equal 
to A[q], which in turn is less than each eTqlrtent of A[q + 1 . . r]. As in quicksort, 
we will refer to A[q] as the pivot elemelu^Line 4 computes the number k of 
elements in the subarray A[p . . q], that is, the»&mber of elements in the low side 
of the partition, plus one for the pivot element. Cms 5 then checks whether A [q] is 
the z'th smallest element. If it is, then line 6 returns"^^]. Otherwise, the algorithm 
determines in which of the two subarrays A[p . . q^- 1] and A[q + 1 . . r] the ith 
smallest element lies. If i < k, then the desired element lies on the low side of 
the partition, and line 8 recursively selects it from the subarxay. If i > k, however, 
then the desired element lies on the high side of the parritipn. Since we already 
know k values that are smaller than the ith smallest element <pA [p . . r]— namely, 
the elements of A[p . .q]— the desired element is the (i — k)th smallest element 
of A[q + 1 . . r], which line 9 finds recursively. The code appears to allow recursive 
calls to subarrays with 0 elements, but Exercise 9.2-1 asks you to show that this 
situation cannot happen. 

The worst-case running time for Randomized-Select is 9(/j 2 ), even to find 
the minimum, because we could be extremely unlucky and always partition around 
the largest remaining element, and partitioning takes ©(«) time. We will see that 
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the algorithm has a linear expected running time, though, and because it is random- 
ized, no particular input elicits the worst-case behavior. 

To analyze the expected running time of Randomized-Select, we let the run- 
•Smng time on an input array A[p . . r] of n elements be a random variable that we 
<fei)ote by T(n), and we obtain an upper bound on E as follows. The pro- 

cedure Randomized-Partition is equally likely to return any element as the 
pivOT/^herefore, for each k such that 1 < k < n, the subarray A[p . . q] has k ele- 
mentsXpHJess than or equal to the pivot) with probability l/n. For k = 1,2, ... ,n, 
we defineMdicator random variables Xk where 

Xk = I {theN^ubarray A[p . . q] has exactly k elements} , 

and so, assumin^hat the elements are distinct, we have 

E[X k ] = l/n. , (9.1) 

When we call Ra^d0$iized-Select and choose A[q] as the pivot element, we 
do not know, a priori, rf i^e will terminate immediately with the correct answer, 
recurse on the subarray ^tm . q — 1], or recurse on the subarray A[q + 1 . . r]. 
This decision depends on where the zth smallest element falls relative to A[q]. 
Assuming that T(n) is monotonically increasing, we can upper-bound the time 
needed for the recursive call by ftietfme needed for the recursive call on the largest 
possible input. In other words, tovxitajn an upper bound, we assume that the z'th 
element is always on the side of the^Jartition with the greater number of elements. 
For a given call of Randomized-S the indicator random variable Xk has 

the value 1 for exactly one value of k, an(pkis 0 for all other k. When Xk = 1, the 
two subarrays on which we might recurse ij^Ve sizes k — 1 and n — k. Hence, we 
have the recurrence 

o 

T(n) < J2 Xk ' ( r (max(& -l,n-k))+ 0$) 

k=l , 

o 

= x k ■ T(max(k -\,n-k)) + 0(n) . v q 
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Taking expected values, we have 



^ X k ■ r(max(/t -l,n-k))+ 0(n) 



.k=\ 




', [X k ■ T(max(k — \,n — k))] + 0(n) (by linearity of expectation) 



max(/c — 1, n — k) 



= E [^>' E [T(max(k -l,n- k))] + 0{n) (by equation (C.24)) 
k=i ^ 

= -E[T&i^k- l,n-k))} + 0(n) (by equation (9.1)) . 

k=l H N. . , 

In order to apply equatiopXC.24), we rely on X k and T(max(k — 1, n — k)) being 
independent random variables. Exercise 9.2-2 asks you to justify this assertion. 
Let us consider the expreSs^i max(fc — \,n — k). We have 

k- 1 Qk > \n/2] , 
n-k if*&^ \n/2] . 

If n is even, each term from r([7j/2\^up to T(n — 1) appears exactly twice in 
the summation, and if n is odd, all these (fe}|ms appear twice and T([n/2\) appears 
once. Thus, we have 

2 - 1 ^> 
E[7»]<- T E[T(k)] + 0(n). <0 

k=[n/2\ (J 

We show that E |T(m)] = 0(n) by substitution. Assume that E [7"(w)] < cn for 
some constant c that satisfies the initial conditions of the recurrence. We assume 
that T(n) = 0(1) for n less than some constant; we shalr^ick this constant later. 
We also pick a constant a such that the function describedtaplhe 0(n) term above 
(which describes the non-recursive component of the runni^ time of the algo- 
rithm) is bounded from above by an for all n > 0. Using this inductive hypothesis, 
we have 



2 " _1 

E[7»] < - V ck + an 
n ^— ' 

k=[n/2\ 



\fc=l Ar=l / 
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2c ({n-\)n (|n/2J - 1) |rc/2J 

1 + an 



n \ 2 2 
\S^> 2c ((n-X)n (n/2 - 2)(«/2 - 1) 



2c (»/2-2)(w/2-l) ^ 

<5 " 2 2 J +flW 

2c(n 2 -n n 2 /4-3n/2 + 2' 



+ an 



(\) = -( — + --2)+ an 

v z) «v 4 2 ; 

^ 5 ' T + 2~ ~ ' +an 



4^2 



= cn —"4^- — - — an\ . 

In order to complete the<|5rpof, we need to show that for sufficiently large n, this 
last expression is at most c^or, equivalently, that cn/4 — c/2 — an > 0. If we 
add c/2 to both sides and faq^ out n, we get n(c/4 — a) > c/2. As long as we 
choose the constant c so that c/4 — a > 0, i.e., c > 4a, we can divide both sides 
by c/4- a, giving ^ 

c/2 2c 

n>—r- = ■ r\ 

c/4- a c-4a KJ 

Thus, if we assume that T(n) = 0(1) fd^K 2c/(c-4a),thenE [7»] = 0(n). 
We conclude that we can find any order statistic, and in particular the median, in 
expected linear time, assuming that the elemeftf^are distinct. 

c 

Exercises v 
9.2-1 O 

Show that Randomized-Select never makes a recurs© call to a 0-lengfh array. 

4 

9.2-2 ' 

Argue that the indicator random variable and the value T(max(/c — l,n — k)) 
are independent. 



9.2-3 

Write an iterative version of Randomized-Select. 
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^ 9.2-4 

, Suppose we use Randomized-Select to select the minimum element of the 
■^array A = (3, 2, 9, 0, 7, 5, 4, 8, 6, 1). Describe a sequence of partitions that results 
■inji worst-case performance of Randomized-Select. 

\ 

9.3 Selection in it-case linear time 

We now examine a selection algorithm whose running time is 0{n) in the worst 
case. Like Ra^ntX)Mized- Select, the algorithm Select finds the desired ele- 
ment by recursively partitioning the input array. Here, however, we guarantee a 
good split upon paartjpning the array. Select uses the deterministic partitioning 
algorithm PARTITIC^ from quicksort (see Section 7.1), but modified to take the 
element to partition ar^md as an input parameter. 

The Select algorithrffaetermines the z'fh smallest of an input array of n > 1 
distinct elements by executifrjg the following steps. (If n = 1, then Select merely 
returns its only input value as^frte z'fh smallest.) 

1. Divide the n elements of the^mput array into \n/5\ groups of 5 elements each 
and at most one group made up 1 oiihe remaining n mod 5 elements. 

2. Find the median of each of the \ nJ5% groups by first insertion-sorting the ele- 
ments of each group (of which there m& at most 5) and then picking the median 
from the sorted list of group elements.^^ 

3. Use Select recursively to find the med^h x of the \n/5] medians found in 
step 2. (If there are an even number of m^fi^ns, then by our convention, x is 
the lower median.) Q 

4. Paitition the input array around the median-of-^iedians x using the modified 
version of PARTITION. Let k be one more than the number of elements on the 
low side of the paitition, so that x is the kth smallest ^Ie}ment and there are n — k 
elements on the high side of the partition. Q 

5. If i = k, then return x. Otherwise, use Select recursively to find the zth 
smallest element on the low side if i < k, or the (i — k)th smallest element on 
the high side if i > k. 



To analyze the running time of Select, we first determine a lower bound on the 
number of elements that are greater than the partitioning element x. Figure 9.1 
helps us to visualize this bookkeeping. At least half of the medians found in 
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Figure 9.1 Anafysiffyf the algorithm SELECT. The n elements are represented by small circles, 
and each group of 5 elefttfents occupies a column. The medians of the groups are whitened, and the 
median-of-medians x k labejed. (When finding the median of an even number of elements, we use 
the lower median.) ArroVs go from larger elements to smaller, from which we can see that 3 out 
of every full group of 5 eletffehts to the right of x are greater than x, and 3 out of every group of 5 
elements to the left of x are less'tban x. The elements known to be greater than x appear on a shaded 



background. 



Ual\ 



(1 rn~\ \ ^ In 
2 5 ) ~ To 



step 2 are greater than or equal to the median-of-medians jc. 1 Thus, at least half 
of the \n/5~\ groups contribute aLJ^&st 3 elements that are greater than x, except 
for the one group that has fewer than ^elements if 5 does not divide n exactly, and 
the one group containing x itself. Discounting these two groups, it follows that the 
number of elements greater than x is ar-least 

10 

Similarly, at least 3«/10 — 6 elements are lesCthwi x. Thus, in the worst case, 
step 5 calls SELECT recursively on at most 7«/lCK+ 6 elements. 

We can now develop a recurrence for the worst-«ase running time T(n) of the 
algorithm Select. Steps 1, 2, and 4 take 0{n) timO(Step 2 consists of 0(ri) 
calls of insertion sort on sets of size 0(1).) Step 3 takes ©le T(\n/5]), and step 5 
takes time at most T(7n/10 + 6), assuming that T is rrrofflstonically increasing. 
We make the assumption, which seems unmotivated at first, that any input of fewer 
than 140 elements requires 0(1) time; the origin of the magic constant 140 will be 
clear shortly. We can therefore obtain the recurrence 



Because of our assumption that the numbers are distinct, all medians except x are either greater 
than or less than x. 
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0(1) ifn<140, 
T(\n/5\) + T{ln/\Q + 6) + 0(n) if n > 140 . 

show that the running time is linear by substitution. More specifically, we will 
sfiq^fhat T(n) < cn for some suitably large constant c and all n > 0. We begin by 
assu^fmg that T(n) < cn for some suitably large constant c and all n < 140; this 
assunro^jsn holds if c is large enough. We also pick a constant a such that the func- 
tion described by the 0(n) term above (which describes the non-recursive compo- 
nent of tne^p&nning time of the algorithm) is bounded above by an for all n > 0. 
Substituting'*™^ inductive hypothesis into the right-hand side of the recurrence 
yields N ^ 

T(n) < c\n/5$^c(ln/l0 + 6) + an 
< cn/5 + lcn/\Q + 6c + an 
= 9cn/\0+YcJ,an 
= cn + {—cn/w^lc + an) , 

which is at most cn if 

-cn/10 + lc + an < 0 . (9.2) 

Inequality (9.2) is equivalent to thetn^quality c > I0a(n/(n — 70)) when n > 70. 
Because we assume that n > 140, have n/(n — 70) < 2, and so choos- 
ing c > 20a will satisfy inequality (9.2)Q)Note that there is nothing special about 
the constant 140; we could replace it by^(uij( integer strictly greater than 70 and 
then choose c accordingly.) The worst-case^nning time of Select is therefore 
linear. s\ 

), SELEt 



As in a comparison sort (see Section 8.1), Sele&t and Randomized-Select 
determine information about the relative order of elements only by comparing ele- 
ments. Recall from Chapter 8 that sorting requires Yl (n lg n ) time in the compari- 
son model, even on average (see Problem 8-1). The lmeai-time sorting algorithms 
in Chapter 8 make assumptions about the input. In contrast, the linear-time se- 
lection algorithms in this chapter do not require any assuWjapns about the input. 
They are not subject to the Q.(n \gn) lower bound because <$*ey manage to solve 
the selection problem without sorting. Thus, solving the selection problem by sort- 
ing and indexing, as presented in the introduction to this chapter, is asymptotically 
inefficient. 
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Exercises 
9.3-1 

the algorithm Select, the input elements are divided into groups of 5. Will 
algorithm work in linear time if they are divided into groups of 7? Argue that 
if^fcT does not run in linear time if groups of 3 are used. 

Analyz^ ELECT to show that if n > 140, then at least [«/4] elements are greater 
than the mljiflian-of-medians x and at least [n/4] elements are less than x. 

9.3-3 NC ^a ) 

Show how quicksort can be made to run in 0(nlgn) time in the worst case, as- 
suming that all elements are distinct. 

9.3-4 * \f' 

Suppose that an algorism uses only comparisons to find the z'fh smallest element 
in a set of n elements. ShpPw that it can also find the i — 1 smaller elements and 
the n — i larger elements w<thYmt performing any additional comparisons. 

9.3-5 v 

Suppose that you have a "black-^*" worst-case linear-time median subroutine. 
Give a simple, linear-time algorithm tjiat solves the selection problem for an arbi- 
trary order statistic. ^ q 

9.3-6 

The kth quantiles of an n -element set are — 1 order statistics that divide the 
sorted set into k equal-sized sets (to wifhin<^D Give an 0(n lg /c)-time algorithm 
to list the kth quantiles of a set. Q 

9.3-7 K 

Describe an 0(«)-time algorithm that, given a set 5-^)f n distinct numbers and 
a positive integer k < n, determines the k numbersry-TS 1 that are closest to the 

k 

9.3-8 

Let X[\ . .n] and Y[l . .n] be two arrays, each containing n numbers already in 
sorted order. Give an 0(lg /j)-time algorithm to find the median of all 2n elements 
in arrays X and Y . 

9.3-9 

Professor Olay is consulting for an oil company, which is planning a large pipeline 
running east to west through an oil field of n wells. The company wants to connect 
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Figure 9.2 Professor Olay need^o determine the position of the east-west oil pipeline that mini- 
mizes the total length of the north-s^^h spurs. 

a spur pipeline from each well directly to the main pipeline along a shortest route 
(either north or south), as shown inv^Tgure 9.2. Given the x- and y -coordinates of 
the wells, how should the professor piejs-^he optimal location of the main pipeline, 
which would be the one that minimizes ths total length of the spurs? Show how to 



determine the optimal location in linear time\ 



Problems O v 

<^ 

9-1 Largest i numbers in sorted order • 

Given a set of n numbers, we wish to find the i large^tVn sorted order using a 
comparison-based algorithm. Find the algorithm that imp©nents each of the fol- 
lowing methods with the best asymptotic worst-case running^mne, and analyze the 
running times of the algorithms in terms of n and i . 

a. Sort the numbers, and list the i largest. 

b. Build a max-priority queue from the numbers, and call Extract-Max i times. 



c. Use an order-statistic algorithm to find the z'th largest number, partition around 
that number, and sort the i largest numbers. 
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9-2 Weighted median 

For n distinct elements X\, x%, . . . , x n with positive weights Wi, w 2 , ■ ■ ■ , w n such 
that Y%=i w i = 1' ^ e weighted (lower) median is the element x% satisfying 
1 

and 

For examplKilthe elements are 0.1, 0.35, 0.05, 0.1, 0.15, 0.05, 0.2 and each ele- 
ment equals its-weight (that is, Wj = Xj for i = 1,2, ... , 7), then the median is 0.1, 
but the weighteo^ne^ian is 0.2. 

a. Argue that the median of Xi, X2 x„ is the weighted median of the x, with 

weights Wj = 1/ n i = 1 , 2, . . . , n . 

b. Show how to computertn& weighted median of n elements in 0(n lg n) worst- 
case time using sorting, v _ 

0 

c. Show how to compute the weighted median in 0(n) worst-case time using a 
linear-time median algorithm s@h as Select from Section 9.3. 

The post-office location problem ned as follows. We are given n points 

Pi, p 2 , ■ ■ ■ , p n with associated weightW^ w 2 , ■ ■ ■ , w„. We wish to find a point p 
(not necessarily one of the input points)\Qj«t minimizes the sum Y11=\ w i d(p, Pi), 
where d(a, b) is the distance between poin^^and b. 

d. Argue that the weighted median is a best solution for the 1 -dimensional post- 
office location problem, in which points are simply real numbers and the dis- 



tance between points a and b is d(a, b) = \a — b\. 

e. Find the best solution for the 2-dimensional postCoffice location problem, in 
which the points are (x,y) coordinate pairs and thGkstance between points 
a = {x\, y\) and b = (x 2 , y 2 ) is the Manhattan distance given by d(a, b) = 
l*i ~x 2 \ + \yi -y 2 \. 



9-3 Small order statistics 

We showed that the worst-case number T(n) of comparisons used by Select 
to select the z'fh order statistic from n numbers satisfies T(n) = &(n), but the 
constant hidden by the ©-notation is rather large. When i is small relative to n, we 
can implement a different procedure that uses Select as a subroutine but makes 
fewer comparisons in the worst case. 
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a. Describe an algorithm that uses Ui (n) comparisons to find the z'th smallest of n 
elements, where 

( 

<V\ j [n/2\ + U t (\nfZ\) + T(2i) otherwise . 



(Hi^) Begin with \n / 2\ disjoint pairwise comparisons, and recurse on the set 
contaijf^Jig the smaller element from each pair.) 

b. Show thaUfi < n/2, then £/,(«) =n + 0(T(2i)lg(n/ /)). 

c. Show that i a constant less than «/2, then £/,(«) = n + 0{\gn). 
</. Show that if z =<£//c for fc > 2, then £/,- (n) = « + 0(T(2n/k) lg /c). 

In this problem, we use ind^Atpr random variables to analyze the Randomized- 
Select procedure in a mann^rakin to our analysis of RANDOMlZED-QuiCKSORT 
in Section 7.4.2. 0 

As in the quicksort analysis, w,e assume that all elements are distinct, and we 
rename the elements of the input my A as Zi, Zi, ■ ■ ■ , Z n , where Zi is the z'th 
smallest element. Thus, the call Ran^0^iized-Select(^4, \,n,k) returns Zk- 

For 1 < i < j < n , let Q 

Xijk = I {Z; is compared with Zj sometim^ruring the execution of the algorithm 
to find z^}. t^K 

a. Give an exact expression for E [Xyfc]. (Hint: fY(Vrr expression may have differ- 
ent values, depending on the values of i, j , and^ 

b. Let Xk denote the total number of comparisons b*etween elements of array A 
when finding Zk- Show that 



E[X, 



1 < 2 /^V^ 1 j - k- 1 y^P/C - i — 1 \ 

\/ = l j=k J j=k+\ J (=1 / 

c. Show that E [X k ] < An. 

d. Conclude that, assuming all elements of array A are distinct, Randomized- 
S ELECT runs in expected time 0(n). 



Notes for Chapter 9 227 

-h. 

Chapter.notes 

\J!he worst-case linear-time median-finding algorithm was devised by Blum, Floyd, 
EJfjitt^Rivest, and Tarjan [50]. The fast randomized version is due to Hoare [169]. 
Flow and Rivest [108] have developed an improved randomized version that parti- 
tions (Sr^ound an element recursively selected from a small sample of the elements. 



It is ^Jl unknown exactly how many comparisons are needed to determine the 
median. xB^it and John [41] gave a lower bound of 2n comparisons for median 
finding, antfSchonhage, Paterson, and Pippenger [302] gave an upper bound of 3n. 
Dor and ZwicjkNjiave improved on both of these bounds. Their upper bound [93] 
is slightly less*lWi 2.95«, and their lower bound [94] is (2 + e)n, for a small 
positive constants ^thereby improving slightly on related work by Dor et al. [92]. 
Paterson [272] describes some of these results along with other related work. 

X 
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Introduction 

Sets are as fundamental to Computer science as they are to mathematics. Whereas 
mathematical sets are unchan^ig, the sets manipulated by algorithms can grow, 
shrink, or otherwise change ovej" time. We call such sets dynamic. The next five 
chapters present some basic tech^mues for representing finite dynamic sets and 
manipulating them on a computer. 

Algorithms may require several diif^rt^nt types of operations to be performed on 
sets. For example, many algorithms neetfbonly the ability to insert elements into, 
delete elements from, and test membererlm-Jn a set. We call a dynamic set that 
supports these operations a dictionary. Other^gorithms require more complicated 
operations. For example, min-priority queues^Aihich Chapter 6 introduced in the 
context of the heap data structure, support the operations of inserting an element 
into and extracting the smallest element from a sbt. The best way to implement a 
dynamic set depends upon the operations that must fee^gupported. 

Elements of a dynamic set 

In a typical implementation of a dynamic set, each element is represented by an 
object whose attributes can be examined and manipulated if we have a pointer to 
the object. (Section 10.3 discusses the implementation of objects and pointers in 
programming environments that do not contain them as basic data types.) Some 
kinds of dynamic sets assume that one of the object's attributes is an identifying 
key. If the keys are all different, we can think of the dynamic set as being a set 
of key values. The object may contain satellite data, which are carried around in 
other object attributes but are otherwise unused by the set implementation. It may 
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also have attributes that are manipulated by the set operations; these attributes may 
contain data or pointers to other objects in the set. 

Some dynamic sets presuppose that the keys are drawn from a totally ordered 
«ej) such as the real numbers, or the set of all words under the usual alphabetic 
ord^&ng. A total ordering allows us to define the minimum element of the set, for 
exaEjpre, or to speak of the next element larger than a given element in a set. 

Operatic^ on dynamic sets 

Operations'^ adynamic set can be grouped into two categories: queries, which 
simply returnNSiformation about the set, and modifying operations, which change 
the set. Here is ^Aist of typical operations. Any specific application will usually 
require only a fewv$th ese to be implemented. 

Search(,S, k) \>' 

A query that, given a S and a key value k, returns a pointer x to an element 
in S such that x.key — ^or NIL if no such element belongs to S. 

Insert (S, x) 

A modifying operation that^ugments the set S with the element pointed to 
by x. We usually assume tha^ any attributes in element x needed by the set 
implementation have already beerfynitialized. 

Delete(5,x) 

A modifying operation that, given a(£j|)inter x to an element in the set S, re- 
moves x from S. (Note that this operal(j3)} takes a pointer to an element x, not 
a key value.) ^\ 

Minimum (S) 

A query on a totally ordered set S that retur©a pointer to the element of S 
with the smallest key. 

Maximum(S) • 

A query on a totally ordered set S that returns a psirfter to the element of S 
with the largest key. 

Successor(5, x) *S 

A query that, given an element x whose key is from a totally ordered set S, 
returns a pointer to the next larger element in S, or NIL if x is the maximum 
element. 

Predecessor (S, x) 

A query that, given an element x whose key is from a totally ordered set S, 
returns a pointer to the next smaller element in S, or NIL if x is the minimum 
element. 



Part III Data Structures 



231 



In some situations, we can extend the queries SUCCESSOR and PREDECESSOR 
so that they apply to sets with nondistinct keys. For a set on n keys, the normal 
presumption is that a call to Minimum followed by n - 1 calls to SUCCESSOR 
v'aiumerates the elements in the set in sorted order. 

oWe usually measure the time taken to execute a set operation in terms of the size 
oi$to set. For example, Chapter 13 describes a data structure that can support any 
of tK^perations listed above on a set of size n in time 0(lg n). 

Overvieww Part III 

Chapters 1 6^14 describe several data structures that we can use to implement 
dynamic sets; ^ve shall use many of these later to construct efficient algorithms 
for a variety of ^^blems. We already saw another important data structure— the 
heap— in Chapter 

Chapter 10 presert^ the essentials of working with simple data structures such 
as stacks, queues, link^TMists, and rooted trees. It also shows how to implement 
objects and pointers in programming environments that do not support them as 
primitives. If you have tak^an introductory programming course, then much of 
this material should be famili^o you. 

Chapter 11 introduces hash tables, which support the dictionary operations IN- 
SERT, Delete, and Search. In tja^worst case, hashing requires time to per- 
form a Search operation, but the exrafcted time for hash-table operations is 0(1). 
The analysis of hashing relies on probability, but most of the chapter requires no 
background in the subject. 



Binary search trees, which are covere4aruChapter 12, support all the dynamic- 
set operations listed above. In the worst caseLgach operation takes 0(«) time on a 
tree with n elements, but on a randomly buiTrbmary search tree, the expected time 
for each operation is 0(lg ri). Binary search tres&^erve as the basis for many other 
data structures. C 

Chapter 13 introduces red-black trees, which are » variant of binary search trees. 
Unlike ordinary binary search trees, red-black trees ard^gWanteed to perform well: 
operations take 0(lg n) time in the worst case. A red-bla<©ree is a balanced search 
tree; Chapter 18 in Part V presents another kind of balarifSj search tree, called a 
B-tree. Although the mechanics of red-black trees are somewhat intricate, you can 
glean most of their properties from the chapter without studying the mechanics in 
detail. Nevertheless, you probably will find walking through the code to be quite 
instructive. 

In Chapter 14, we show how to augment red-black trees to support operations 
other than the basic ones listed above. First, we augment them so that we can 
dynamically maintain order statistics for a set of keys. Then, we augment them in 
a different way to maintain intervals of real numbers. 



\ 

10 • Jilementary Data Structures 

In this chapter, we.-g%amine the representation of dynamic sets by simple data struc- 
tures that use pointer^ Although we can construct many complex data structures 
using pointers, we present only the rudimentary ones: stacks, queues, linked lists, 
and rooted trees. We aisrp^how ways to synthesize objects and pointers from ar- 
rays. ^ > 

\ 

10.1 Stacks and queues ^ 

'■d 

Stacks and queues are dynamic sets'Tn^which the element removed from the set 
by the Delete operation is prespecmetL In a stack, the element deleted from 
the set is the one most recently insertedS-rpe stack implements a last-in, first-out, 
or LIFO, policy. Similarly, in a queue, the?etement deleted is always the one that 
has been in the set for the longest time: the queue implements a first-in, first-out, 
or FIFO, policy. There are several efficient \$ay# to implement stacks and queues 
on a computer. In this section we show how to (aska simple array to implement 
each. C 

Stacks O 

The Insert operation on a stack is often called Push, aiwptthe Delete opera- 
tion, which does not take an element argument, is often calleu POP. These names 
are allusions to physical stacks, such as the spring-loaded stacks of plates used 
in cafeterias. The order in which plates are popped from the stack is the reverse 
of the order in which they were pushed onto the stack, since only the top plate is 
accessible. 

As Figure 10.1 shows, we can implement a stack of at most n elements with 
an array S[\ . . n\. The array has an attribute S.top that indexes the most recently 
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Figure lfkV >An array implementation of a stack 5. Stack elements appear only in the lightly shaded 
positions. (SfVJtack S has 4 elements. The top element is 9. (b) Stack S after the calls PUSH(5, 17) 
and Push(5, ^V(c) Stack S after the call Pop(5) has returned the element 3, which is the one most 
recently pushed.y^Khough element 3 still appears in the array, it is no longer in the stack; the top is 
element 17. t ^ 

inserted element. The^stack consists of elements S[l . . S.top], where S[l] is the 
element at the bottom- oMie stack and S [S. top] is the element at the top. 

When S. top = 0, tire sjack contains no elements and is empty. We can test to 
see whether the stack is aa^ft' by query operation Stack-Empty. If we attempt 
to pop an empty stack, we^sav the stack underflows, which is normally an error. 
If S. top exceeds n, the stackQwe/^ows. (In our pseudocode implementation, we 
don't worry about stack overflow.) > 

We can implement each of the ^©;k operations with just a few lines of code: 



Stack-Empty(S) 

1 if S.top ==0 

2 return true 

3 else return false 



Pvsn(S,x) 

1 S.top = S.top + 1 

2 S [S.top] = x 

Pop(S) 

1 if Stack-Empty (S) 

2 error "underflow" 

3 else S. top = S. top — 1 

4 return S [S.top + 1] 



O 



Figure 10.1 shows the effects of the modifying operations Push and POP. Each of 
the three stack operations takes 0(1) time. 
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Figure 10.2 A queue implememedMsing an array Q[\ . . 12]. Queue elements appear only in the 
lightly shaded positions, (a) The quouehas 5 elements, in locations Q[7 . . 11]. (b) The configuration 
of the queue after the calls ENQUEUgvg, i7 ), ENQUEUE(g, 3), and ENQUEUE(<2, 5). (c) The 
configuration of the queue after the cal^DEQUEUE(<2) returns the key value 15 formerly at the 
head of the queue. The new head has key 

V 

Queues Q 

We call the Insert operation on a queaM^NQUEUE, and we call the Delete 
operation Dequeue; like the stack operatior^Pup, Dequeue takes no element ar- 
gument. The FIFO property of a queue causes<rLto operate like a line of customers 
waiting to pay a cashier. The queue has a head a ©a. tail. When an element is en- 
queued, it takes its place at the tail of the queue, jus^ as a newly arriving customer 
takes a place at the end of the line. The element dequeued is always the one at 
the head of the queue, like the customer at the head of t(ieMine who has waited the 
longest. Q 

Figure 10.2 shows one way to implement a queue of atr^npst n — \ elements 
using an array Q[l . . n\. The queue has an attribute Q.head that indexes, or points 
to, its head. The attribute Q . tad indexes the next location at which a newly arriv- 
ing element will be inserted into the queue. The elements in the queue reside in 
locations Q.head, Q.head + 1, . . . , Q.taU — 1, where we "wrap around" in the 
sense that location 1 immediately follows location n in a circular order. When 
Q.head = Q.taU, the queue is empty. Initially, we have Q.head — Q.taU = 1. 
If we attempt to dequeue an element from an empty queue, the queue underflows. 
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When Q . head = Q . tail + 1 , the queue is full, and if we attempt to enqueue an 
element, then the queue overflows. 

In our procedures ENQUEUE and DEQUEUE, we have omitted the error checking 
•Svpv underflow and overflow. (Exercise 10.1-4 asks you to supply code that checks 
l^©£)these two error conditions.) The pseudocode assumes that n = Q. length. 

ENQ^UE(e,x) 

1 Ql&^ail] = x 

2 if g>&== Q. length 

3 Q^apl'= 1 

4 else Q.thi^ Q.tail + 1 

DEQUEUE(g) 

1 x = Q[Q.heati\\' 

2 if Q.head == Qlenji 

3 Q.head = 1 

4 else Q.head = Q.hhtd^- 1 

5 return x v _ 

Figure 10.2 shows the effects of tha ENQUEUE and DEQUEUE operations. Each 
operation takes 0(1) time. "O 

X 

Exercises O 

Using Figure 10. 1 as a model, illustrate the reaolt of each operation in the sequence 
PUSH(5,4), PUSH(5, 1), PUSH(5,3), POP(5>rvPuSH(5,8), and POP(S) on an 
initially empty stack S stored in array S[l . . 6]. ^ 

10.1-2 • 

Explain how to implement two stacks in one array . n] in such a way that 
neither stack overflows unless the total number of eleme©Jn both stacks together 
is n. The PUSH and POP operations should run in 0(1) tifatp 

10.1-3 

Using Figure 10.2 as a model, illustrate the result of each operation in the 
sequence ENQUEUE(g, 4), ENQUEUE(g, 1), ENQUEUE(g, 3), DEQUEUE(g), 
ENQUEUE(g, 8), and DEQUEUE(g) on an initially empty queue Q stored in 
array Q[l . . 6]. 



10.1-1 



10.1-4 

Rewrite ENQUEUE and DEQUEUE to detect underflow and overflow of a queue. 
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^ 10.1-5 

, Whereas a stack allows insertion and deletion of elements at only one end, and a 
^queue allows insertion at one end and deletion at the other end, a deque (double- 
•efujled queue) allows insertion and deletion at both ends. Write four 0(l)-time 
pr^jskdures to insert elements into and delete elements from both ends of a deque 
implemented by an array. 

Show howNmmplement a queue using two stacks. Analyze the running time of the 
queue operations, 
X > 

10.1-7 O 

Show how to impotent a stack using two queues. Analyze the running time of the 
stack operations. ^ 

% 

10.2 Linked lists 

A linked list is a data structure ^ which the objects are arranged in a linear order. 
Unlike an array, however, in whtch^he linear order is determined by the array 
indices, the order in a linked list is determined by a pointer in each object. Linked 
lists provide a simple, flexible representation for dynamic sets, supporting (though 
not necessarily efficiently) all the operates listed on page 230. 

As shown in Figure 10.3, each element $f^cdoubly linked list L is an object with 
an attribute key and two other pointer attribtr^s: next and pre v. The object may 
also contain other satellite data. Given an eleip^n} x in the list, x.next points to its 
successor in the linked list, and x.prev points to ^predecessor. If x.prev = NIL, 
the element x has no predecessor and is therefore^fie first element, or head, of 
the list. If x.next = NIL, the element x has no successor and is therefore the last 
element, or tail, of the list. An attribute L . head points^Tt^ the first element of the 
list. If L.head = NIL, the list is empty. Q 

A list may have one of several forms. It may be either safely linked or doubly 
linked, it may be sorted or not, and it may be circular or nm. If a list is singly 
linked, we omit the prev pointer in each element. If a list is sorted, the linear order 
of the list corresponds to the linear order of keys stored in elements of the list; the 
minimum element is then the head of the list, and the maximum element is the 
tail. If the list is unsorted, the elements can appear in any order. In a circular list, 
the prev pointer of the head of the list points to the tail, and the next pointer of 
the tail of the list points to the head. We can think of a circular list as a ring of 
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Figure 10.3 ^a)A doubly linked list L representing the dynamic set {1, 4, 9, 16}. Each element in 
the list is an objecl^ith attributes for the key and pointers (shown by arrows) to the next and previous 
objects. The next atl^kte of the tail and the prev attribute of the head are NIL, indicated by a diagonal 
slash. The attribute L^ad points to the head, (b) Following the execution of LlST-lNSERT(L, x), 
where x.key = 25, the lin^etl list has a new object with key 25 as the new head. This new object 
points to the old head wifKke>^9. (c) The result of the subsequent call LlST-DELETE(L. x), where x 
points to the object with key\4. , 



4 



elements. In the remainder leflhis section, we assume that the lists with which we 
are working are unsorted and waubly linked. 



Searching a linked list 



The procedure List-Search (L, k) l^s the first element with key k in list L 
by a simple linear search, returning a rj^^ter to this element. If no object with 
key k appears in the list, then the proceduf$ returns NIL. For the linked list in 
Figure 10.3(a), the call List-Search(L, 4L^eHirrns a pointer to the third element, 
and the call List-Search(L, 7) returns nil. /-\ 

c 

List-Search(L, k) v 



1 x = L.head 

2 while x ^ NIL and x.key ^ k 

3 x = x.next 

4 return x 



To search a list of n objects, the List-Search procedure takes 9(/j) time in the 
worst case, since it may have to search the entire list. 



Inserting into a linked list 



Given an element x whose key attribute has already been set, the LlST-lNSERT 
procedure "splices" x onto the front of the linked list, as shown in Figure 10.3(b). 
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List-Insert (L,x) 

1 x.next = L.head 
\& >if L.head ^ NIL 
%J L.head.prev = x 

4 Sp.head = x 

5 xlgrev = NIL 

(Recall f^k our attribute notation can cascade, so that L.head.prev denotes the 
prev attrir5u*£\of the object that L.head points to.) The running time for LiST- 
INSERT on a^Hsjfof n elements is 0(1). 

<> 

Deleting from a lji^ked list 

The procedure LlST^ELETE removes an element x from a linked list L. It must 
be given a pointer to ^<and it then "splices" x out of the list by updating pointers. 
If we wish to delete an element with a given key, we must first call List-Search 
to retrieve a pointer to the d^gtaent. 

List-Delete (L , x) 0 

1 if x.prev ^ NIL • > 

2 x.prev. next = x.next \_) 

3 else L.head = x.next \/ 

4 if x.next ^ NIL Q 

5 x.next. prev = x.prev 

Figure 10.3(c) shows how an element is delefecWrom a linked list. List-Delete 
runs in 0(1) time, but if we wish to delete an efepsnt with a given key, 0(/i) time 
is required in the worst case because we must firSy^ll List-Search to find the 
element. ^ 

Sentinels 



The code for List-Delete would be simpler if we coulivjgnore the boundary 
conditions at the head and tail of the list: 

List-Delete' (L , x) 

1 x.prev. next = x.next 
1 x.next. prev = x.prev 



A sentinel is a dummy object that allows us to simplify boundary conditions. For 
example, suppose that we provide with list L an object L.nil that represents NIL 



0$ 
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Figure 10.4 A cii^far^doubly linked list with a sentinel. The sentinel L.nil appears between the 
head and tail. The attnbhte L.head is no longer needed, since we can access the head of the list 
by L.nil. next, (a) An enmfy list, (b) The linked list from Figure 10.3(a), with key 9 at the head and 
key 1 at the tail, (c) The list aft|r executing List-Insert'(L, x), where x. key = 25. The new object 
becomes the head of the lisb (d) The list after deleting the object with key 1. The new tail is the 
object with key 4. 

but has all the attributes of ttfe^other objects in the list. Wherever we have a ref- 
erence to NIL in list code, we rtsplgfce it by a reference to the sentinel L.nil. As 
shown in Figure 10.4, this changeLtorns a regular doubly linked list into a circu- 
lar, doubly linked list with a sentinel in which the sentinel L . nil lies between the 
head and tail. The attribute L . nil. next pgSnts to the head of the list, and L.nil.prev 
points to the tail. Similarly, both the attribute of the tail and the prev at- 
tribute of the head point to L.nil. Smce\Q nil. next points to the head, we can 
eliminate the attribute L . head altogether, r^J^cing references to it by references 
to L.nil. next. Figure 10.4(a) shows that an empT^) list consists of just the sentinel, 
and both L . nil. next and L . nil. prev point to L . ni^ 

The code for List-Search remains the same as before, but with the references 
to NIL and L.head changed as specified above: 



List-Search' (L,k) 

1 x = L.nil. next 

2 while x ^ L.nil and x.key ^ k 

3 x = x.next 

4 return x 



We use the two-line procedure List-Delete' from before to delete an element 
from the list. The following procedure inserts an element into the list: 
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List-Insert' (L,x) 

1 x.next = L. nil. next 
L. nil. next, prev = x 
lO L . nil. next = x 
4 ^pj^ev = L.nil 

Figure (RJ>4 shows the effects of List-Insert' and List-Delete' on a sample list. 

Sentin^)rarely reduce the asymptotic time bounds of data structure operations, 
but they cap^educe constant factors. The gain from using sentinels within loops 
is usually a 'matter of clarity of code rather than speed; the linked list code, for 
example, becorn^s simpler when we use sentinels, but we save only 0(1) time in 
the LiST-lNSERT f \a«d List-Delete' procedures. In other situations, however, the 
use of sentinels heips^p tighten the code in a loop, thus reducing the coefficient of, 
say, n or n 2 in the running time. 

We should use sentinel^'udiciously. When there are many small lists, the extra 
storage used by their sentinels can represent significant wasted memory. In this 
book, we use sentinels onlyy^hen they truly simplify the code. 

Exercises 
10.2-1 

Can you implement the dynamic-set^peration INSERT on a singly linked list 
in 0(1) time? How about Delete? Q 

10.2-2 v£> 

Implement a stack using a singly linked lisKLL The operations PUSH and POP 
should still take 0(1) time. ^(^) 

10.2-3 

Implement a queue by a singly linked list L. The operations Enqueue and DE- 
QUEUE should still take 0(1) time. 

10.2-4 

As written, each loop iteration in the List-Search' procedure requires two tests: 
one for x ^ L.nil and one for x.key ^ k. Show how to eliminate the test for 
x ^ L . nil in each iteration. 

10.2-5 

Implement the dictionary operations Insert, Delete, and Search using singly 
linked, circular lists. What are the running times of your procedures? 
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10.2-6 

, The dynamic-set operation UNION takes two disjoint sets Si and S 2 as input, and 
^\ it returns a set S = S\ U S 2 consisting of all the elements of Si and S 2 . The 
V'sjjts Si and S 2 are usually destroyed by the operation. Show how to support UNION 
i^P(l) time using a suitable list data structure. 

Give sj£)(w) -time nonrecursive procedure that reverses a singly linked list of n 
elemenusVjhe procedure should use no more than constant storage beyond that 
needed fory^he Jist itself. 
X > 

10.2-8 * O 

Explain how to i-^lement doubly linked lists using only one pointer value x . np per 
item instead of the^iial two {next and prev). Assume that all pointer values can be 
interpreted as k-bit mte'gers, and define x.np to be x.np = x.next XOR x.prev, 
the A: -bit "exclusive-or'^oT x . next and x.prev. (The value NIL is represented by 0.) 
Be sure to describe what information you need to access the head of the list. Show 
how to implement the Se^Qh, Insert, and Delete operations on such a list. 
Also show how to reverse suc^i list in 0(1) time. 

^ 

10.3 Implementing pointers and objects \f 

o 

How do we implement pointers and obje^^-in languages that do not provide them? 
In this section, we shall see two ways of intf^ementing linked data structures with- 
out an explicit pointer data type. We shall^^thesize objects and pointers from 
arrays and array indices. Q 

A multiple-array representation of objects • 

We can represent a collection of objects that have fheOme attributes by using an 
array for each attribute. As an example, Figure 10.5 show^kpw we can implement 
the linked list of Figure 10.3(a) with three arrays. The array key holds the values 
of the keys currently in the dynamic set, and the pointers reside in the arrays next 
and prev. For a given array index x, the array entries &ey[x], next[x], and prev[x] 
represent an object in the linked list. Under this interpretation, a pointer x is simply 
a common index into the key, next, and prev arrays. 

In Figure 10.3(a), the object with key 4 follows the object with key 16 in the 
linked list. In Figure 10.5, key 4 appears in key[2], and key 16 appears in &ey[5], 
and so next[5] = 2 and prev[2] = 5. Although the constant NIL appears in the next 
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Figure 10.5 vThe linked list of Figure 10.3(a) represented by the arrays key, next, and prev. Each 
vertical slice ofihe>ztrrays represents a single object. Stored pointers correspond to the array indices 
shown at the top^he^arrows show how to interpret them. Lightly shaded object positions contain list 
elements. The variable L keeps the index of the head. 



attribute of the tail and ibe prev attribute of the head, we usually use an integer 
(such as 0 or —1) that^nnot possibly represent an actual index into the arrays. A 
variable L holds the inde* of the head of the list. 

A single-array representation^ objects 

The words in a computer memoj-y are typically addressed by integers from 0 
to M — 1, where M is a suitably larg« integer. In many programming languages, 
an object occupies a contiguous set ofJoe&tions in the computer memory. A pointer 
is simply the address of the first memory/relation of the object, and we can address 
other memory locations within the objecfRysadding an offset to the pointer. 

We can use the same strategy for implementing objects in programming envi- 
ronments that do not provide explicit pointerMafia types. For example, Figure 10.6 
shows how to use a single array A to store tlWlinked list from Figures 10.3(a) 
and 10.5. An object occupies a contiguous subaH»avj4[/ . .k]. Each attribute of 
the object corresponds to an offset in the range from 0 to k — j , and a pointer to 
the object is the index j . In Figure 10.6, the offsets corresponding to key, next, and 
prev are 0, 1, and 2, respectively. To read the value of i.jirev, given apointer i, we 
add the value i of the pointer to the offset 2, thus reading %+ 2]. 

The single-array representation is flexible in that it perirruspobjects of different 
lengths to be stored in the same array. The problem of managing such a heteroge- 
neous collection of objects is more difficult than the problem of managing a homo- 
geneous collection, where all objects have the same attributes. Since most of the 
data structures we shall consider are composed of homogeneous elements, it will 
be sufficient for our purposes to use the multiple-array representation of objects. 
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Figure lO.^SThe linked list of Figures 10.3(a) and 10.5 represented in a single array A. Each list 
element is an object that occupies a contiguous subarray of length 3 within the array. The three 
attributes key, \exu and prev correspond to the offsets 0, 1, and 2, respectively, within each object. 
A pointer to an oqiect is the index of the first element of the object. Objects containing list elements 
are lightly shaded, jftmiarrows show the list ordering. 

C . 

Allocating and freeing objects 

To insert a key into a dyn#nic set represented by a doubly linked list, we must al- 
locate a pointer to a curremh^inused object in the linked-list representation. Thus, 
it is useful to manage the storage of objects not currently used in the linked-list 
representation so that one can- tie allocated. In some systems, a garbage collec- 
tor is responsible for determiniftgjtfhich objects are unused. Many applications, 
however, are simple enough that Iwy ean bear responsibility for returning an un- 
used object to a storage manager. We shall now explore the problem of allocating 
and freeing (or deallocating) homogenQus objects using the example of a doubly 
linked list represented by multiple arrays^)* 

Suppose that the arrays in the multiple-^Pay representation have length m and 
that at some moment the dynamic set cont^itjs)/? < m elements. Then n objects 
represent elements currently in the dynamic set,@d the remaining m—n objects are 
free; the free objects are available to represent el^frfents inserted into the dynamic 
set in the future. 

We keep the free objects in a singly linked list, whjchj,we call the free list. The 
free list uses only the next array, which stores the «e*Tpointers within the list. 
The head of the free list is held in the global variable y^k When the dynamic 
set represented by linked list L is nonempty, the free list may be intertwined with 
list L, as shown in Figure 10.7. Note that each object in the representation is either 
in list L or in the free list, but not in both. 

The free list acts like a stack: the next object allocated is the last one freed. We 
can use a list implementation of the stack operations Push and POP to implement 
the procedures for allocating and freeing objects, respectively. We assume that the 
global variable free used in the following procedures points to the first element of 
the free list. 
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Figure 10.7 The effect of the(^i?LOCATE-OBJECT and FREE-OBJECT procedures, (a) The list 
of Figure 10.5 (lightly shaded) and(^rree list (heavily shaded). Arrows show the free-list structure, 
(b) The result of calling ALLOCATE-/CTBJECT() (which returns index 4), setting key[4] to 25, and 
calling LlST-lNSERT(L, 4). The new free-list head is object 8, which had been next[4] on the free 
list, (c) After executing LlST-DELETE(L* 5\A/e call Free-Object(5). Object 5 becomes the new 
free-list head, with object 8 following it on yie)fre£ list. 



Allocate-ObjectQ 



1 if free == NIL 

2 error "out of space" 

3 else x = free 

4 free = x.next 

5 return x 

Free-Object (x) 

1 x.next = free 

1 free = x 



<6 



o 



The free list initially contains all n unallocated objects. Once the free list has been 
exhausted, running the Allocate-Object procedure signals an error. We can 
even service several linked lists with just a single free list. Figure 10.8 shows two 
linked lists and a free list intertwined through key, next, and prev arrays. 

The two procedures run in 0(1) time, which makes them quite practical. We 
can modify them to work for any homogeneous collection of objects by letting any 
one of the attributes in the object act like a next attribute in the free list. 
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Figur^J).8 Two linked lists, L \ (lightly shaded) and L2 (heavily shaded), and a free list (dark- 
ened) int^^ined. 

^> 

Exercises y>' 
10.3-1 ^ 

Draw a picture o?tk sequence (13, 4, 8, 19, 5, 11) stored as a doubly linked list 
using the multiple-way, representation. Do the same for the single-array represen- 
tation, x v 

10.3-2 (\ 

Write the procedures ALLqe&TE-OBJECT and Free-Object for a homogeneous 
collection of objects impleme^d by the single-array representation. 

10.3-3 *S 

Why don't we need to set or resettle ppev attributes of objects in the implementa- 
tion of the Allocate-Object andwEE-OBJECT procedures? 

o 

10.3-4 £y 

It is often desirable to keep all elements of^loubly linked list compact in storage, 
using, for example, the first m index locatio^qr^ the multiple-array representation. 
(This is the case in a paged, virtual-memory Qpputing environment.) Explain 
how to implement the procedures Allocate-Ob^&ct and Free-Object so that 
the representation is compact. Assume that there are no pointers to elements of the 
linked list outside the list itself. {Hint: Use the array implementation of a stack.) 

10.3-5 CX 

Let L be a doubly linked list of length n stored in array 9^&y, prev, and next of 
length m. Suppose that these arrays are managed by ALLOC ate-Object and 
Free-Object procedures that keep a doubly linked free list F. Suppose further 
that of the m items, exactly n are on list L and m — n are on the free list. Write 
a procedure COMPACTlFY-LlST(L, F) that, given the list L and the free list F, 
moves the items in L so that they occupy array positions 1,2, ... ,n and adjusts the 

free list F so that it remains correct, occupying array positions n + l,« + 2 m. 

The running time of your procedure should be &(n), and it should use only a 
constant amount of extra space. Argue that your procedure is correct. 
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10.4 Representing rooted trees 

Ijje methods for representing lists given in the previous section extend to any ho- 
m<§|^ntjous data structure. In this section, we look specifically at the problem of 
reprs^iting rooted trees by linked data structures. We first look at binary trees, 
and the(fi^ve present a method for rooted trees in which nodes can have an arbitrary 
number q^hildren. 

We repr^sert each node of a tree by an object. As with linked lists, we assume 
that each nddV)c*ontains a key attribute. The remaining attributes of interest are 
pointers to other^pdes, and they vary according to the type of tree. 

Binary trees 

Figure 10.9 shows ho^w&use the attributes p, left, and right to store pointers to 
the parent, left child, andCright child of each node in a binary tree T. If x.p = NIL, 
then x is the root. If node \#as no left child, then x.left = NIL, and similarly for 
the right child. The root of th^entire tree T is pointed to by the attribute T. root. If 
T.root = NIL, then the tree is e(^ty. 

Rooted trees with unbounded bra{ 

We can extend the scheme for representing a binary tree to any class of trees in 
which the number of children of each nooe4s at most some constant k : we replace 
the left and right attributes by child \,chcmV,^. . ,childk- This scheme no longer 
works when the number of children of a nodeMsiinbounded, since we do not know 
how many attributes (arrays in the multiple-arraVr&presentation) to allocate in ad- 
vance. Moreover, even if the number of children V&ovbounded by a large constant 
but most nodes have a small number of children, w&may waste a lot of memory. 

Fortunately, there is a clever scheme to represent tre^s with arbitrary numbers of 
children. It has the advantage of using only 0(n) space ©•any «-node rooted tree. 
The left-child, right-sibling representation appears in Figure 10.10. As before, 
each node contains a parent pointer p, and T.root points y td?the root of tree T . 
Instead of having a pointer to each of its children, however, each node x has only 
two pointers: 

1. x. left-child points to the leftmost child of node x, and 

2. x . right-sibling points to the sibling of x immediately to its right. 



If node x has no children, then x. left-child = NIL, and if node x is the rightmost 
child of its parent, then x .right-sibling = NIL. 




Figure 10.10 The left-child, right-sibling representation of a tree T . Each node x has attributes x.p 
(top), x. left-child (lower left), and x. right-sibling (lower right). The key attributes are not shown. 
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Other tree representations 

rWe sometimes represent rooted trees in other ways. In Chapter 6, for example, 
wef represented a heap, which is based on a complete binary tree, by a single array 
pius^he index of the last node in the heap. The trees that appear in Chapter 21 are 
tra\«rs£d only toward the root, and so only the parent pointers are present; there 
are nsKpointers to children. Many other schemes are possible. Which scheme is 
best depends on the application. 

Exercises <S . , 
X > 

10.4-1 O 

Draw the binary ■{rjfc rooted at index 6 that is represented by the following at- 
tributes: ^\ 

index key left right^} 

\ 
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10 


5 


NIL 


NIL 



\ 

10.4-2 ^ 

Write an 0(w)-time recursive procedure thaL^rven an «-node binary tree, prints 
out the key of each node in the tree. r\ 

A 

10.4-3 ^ 

Write an 0(n)-time nonrecursive procedure that, grven an /j-node binary tree, 
prints out the key of each node in the tree. Use a stack as Wjauxiliary data structure. 

10.4-4 «P> 

Write an 0(«)-time procedure that prints all the keys of an arbitrary rooted tree 
with 7i nodes, where the tree is stored using the left-child, right-sibling representa- 
tion. 

10.4-5 * 

Write an 0(«)-time nonrecursive procedure that, given an «-node binary tree, 
prints out the key of each node. Use no more than constant extra space outside 
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of the tree itself and do not modify the tree, even temporarily, during the proce- 
dure. 

Q.4-6 * 

left-child, right-sibling representation of an arbitrary rooted tree uses three 
p®ipt£rs in each node: left-child, right-sibling, and parent. From any node, its 
paretffLcan be reached and identified in constant time and all its children can be 
reachea^arid identified in time linear in the number of children. Show how to use 
only twTspointers and one boolean value in each node so that the parent of a node 
or all of uVcbiJdren can be reached and identified in time linear in the number of 
children. X » 

^ 

Problems v >' 

<* 

10-1 Comparisons anions lists 

For each of the four types ^ lists in the following table, what is the asymptotic 
worst-case running time for e^h dynamic-set operation listed? 





unsorted^ 
singly ^ 
linked 


sorted, 
/ singly 
(^linked 


unsorted, 
doubly 
linked 


sorted, 
doubly 
linked 


Search(L,&) 










Insert (L,x) 










Delete (L,x) 










Successor(L,x) 










Predecessor(L, x) 










Minimum (L) 






-V 




Maximum(L) 
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10-2 Mergeable heaps using linked lists 

A mergeable heap supports the following operations: Make-Heap (which creates 
•^a-n empty mergeable heap), Insert, Minimum, Extract-Min, and Union. 1 
\8flpw how to implement mergeable heaps using linked lists in each of the following 
ca^8& Try to make each operation as efficient as possible. Analyze the running 
timeytfSeach operation in terms of the size of the dynamic set(s) being operated on. 

a. Lisis)are sorted. 



b. Lists arSyhsorted. 

v: 

c. Lists are unshed, and dynamic sets to be merged are disjoint. 
10-3 Searching a rimed compact list 

Exercise 10.3-4 asked^few we might maintain an n-element list compactly in the 
first n positions of an array\ We shall assume that all keys are distinct and that the 
compact list is also sorted", tftat is, key[i] < key[next[i]] for all i = 1,2, ... ,n such 
that next[i] ^ NIL. We wirfal^o assume that we have a variable L that contains 
the index of the first element oft-the list. Under these assumptions, you will show 
that we can use the following randomized algorithm to search the list in 0{*Jn) 
expected time. * 

COMPACT-LlST-SEARCH(L,/i,/c) ^\ 

1 i=L O 

2 while i ^ nil and key[i] < k 

3 j = Random(1,«) 

4 if key[i] < key[j] and key[j] < k 

5 i= j O x 

6 if fey [i] ==k O 

7 return i , 

8 i = next[i] 

9 if i == nil or key[i] > k Q 

10 return nil v^X 

1 1 else return i 

If we ignore lines 3-7 of the procedure, we have an ordinary algorithm for 
searching a sorted linked list, in which index i points to each position of the list in 



Because we have defined a mergeable heap to support MINIMUM and EXTRACT-MlN, we can also 
refer to it as a mergeable min-heap. Alternatively, if it supported MAXIMUM and EXTRACT-MAX, 
it would be a mergeable max-heap. 
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turn. The search terminates once the index i "falls off" the end of the list or once 
key[i] > k. In the latter case, if key[i] = k, clearly we have found a key with the 
^\ value k. If, however, key[i] > k, then we will never find a key with the value k, 
•sijfid. so terminating the search was the right thing to do. 

r^ines 3-7 attempt to skip ahead to a randomly chosen position j . Such a skip 
beijOTts us if key[j] is larger than key[i] and no larger than k; in such a case, j 
markpaposition in the list that i would have to reach during an ordinary list search. 
Becausprthe list is compact, we know that any choice of j between 1 and n indexes 
some object in the list rather than a slot on the free list. 

Instead m analyzing the performance of Compact-List-Search directly, we 
shall analyze axelated algorithm, Compact-List-Search', which executes two 
separate loops .✓This algorithm takes an additional parameter t which determines 
an upper bound sn^e number of iterations of the first loop. 

Compact-List-Se^ch'(L,/i,£, t) 

1 i = L C\ 

2 for q = 1 to t Vy 

3 j = Random(1V?) 

4 if key[i] < key[j] axk^key[j] < k 

5 i = j • > 

6 if key[i] ==k \) 

7 return i \S 

8 while i ^ NIL and key[i] < k Q 

9 i = next[i] (\ 

10 if i == NIL or key[i] > k ^ 

1 1 return NIL 

12 else return i q 

To compare the execution of the algorithms C^>mpact-List-Search(L, n , k) 
and Compact-List-Search'(L, n, k, t), assume triatihe sequence of integers re- 
turned by the calls of RANDOM ( 1, n) is the same for beAu algorithms. 

a. Suppose that Compact-List-Search (L,n,k) takes^Hlerations of the while 
loop of lines 2-8. Argue that Compact-List-Search (L, n, k, t) returns the 
same answer and that the total number of iterations of both the for and while 
loops within Compact-List-Search' is at least t. 

In the call Compact-List-Search'(L, n , k, t), let X, be the random variable that 
describes the distance in the linked list (that is, through the chain of next pointers) 
from position i to the desired key k after t iterations of the for loop of lines 2-7 
have occurred. 
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^> b. Argue that the expected running time of Compact-List-Search'(L, «, k, t) 
is 0(t +E[X t ]). 

<*<Show that E [X t ] < £"=i0 - r/n)'. (Hint: Use equation (C.25).) 

d. that YTrZl r ' < n t+1 /(t + 0- 

e. ProCkWt E [X t ] <n/(t + 1). 

/. Show th^)COMPACT-LlST-SEARCH'(L, n,k,t) runs in 0(? + m/0 expected 
time. 

<> 

g. Conclude that^MPACT-LlST-SEARCH runs in 0(^/n) expected time. 

h. Why do we assurfte that all keys are distinct in Compact-List-Search? Ar- 
gue that random skips do not necessarily help asymptotically when the list con- 
tains repeated key vafues> 

% 

Chapter notes 

Aho, Hopcroft, and Ullman [6] ancNcrmth [209] are excellent references for ele- 
mentary data structures. Many other texts_cover both basic data structures and their 
implementation in a particular programming^ language. Examples of these types of 
textbooks include Goodrich and Tamassia>£T47], Main [241], Shaffer [311], and 
Weiss [352, 353, 354]. Gonnet [145] provSi^.experimental data on the perfor- 
mance of many data-structure operations. , <a_) 

The origin of stacks and queues as data struc(u)es in computer science is un- 
clear, since corresponding notions already existed ii(ihathematics and paper-based 
business practices before the introduction of digital computers. Knuth [209] cites 
A. M. Turing for the development of stacks for subrouti^Bilinkage in 1947. 

Pointer-based data structures also seem to be a folk i^pntion. According to 
Knuth, pointers were apparently used in early computers with^kum memories. The 
A-l language developed by G. M. Hopper in 1951 represented algebraic formulas 
as binary trees. Knuth credits the IPL-II language, developed in 1956 by A. Newell, 
J. C. Shaw, and H. A. Simon, for recognizing the importance and promoting the 
use of pointers. Their IPL-III language, developed in 1957, included explicit stack 
operations. 




Many applicatrcuift^require a dynamic set that supports only the dictionary opera- 
tions Insert, SEASspH, and Delete. For example, a compiler that translates a 
programming language-maintains a symbol table, in which the keys of elements 
are arbitrary character sjjjjngs corresponding to identifiers in the language. A hash 
table is an effective data- structure for implementing dictionaries. Although search- 
ing for an element in a hastfteble can take as long as searching for an element in a 
linked list— 0(w) time in the worst case— in practice, hashing performs extremely 
well. Under reasonable assumptions, the average time to search for an element in 
a hash table is 0(1). • > 

A hash table generalizes the smjpler notion of an ordinary array. Directly ad- 
dressing into an ordinary array mafc^s effective use of our ability to examine an 
arbitrary position in an array in 0(1) @e. Section 11.1 discusses direct address- 
ing in more detail. We can take advantag^jfcf direct addressing when we can afford 
to allocate an array that has one position fo^very possible key. 

When the number of keys actually stored^^mail relative to the total number of 
possible keys, hash tables become an effective ^fttpiative to directly addressing an 
array, since a hash table typically uses an array of-^Sze proportional to the number 
of keys actually stored. Instead of using the key as an array index directly, the array 
index is computed from the key. Section 11.2 presents^the main ideas, focusing on 
"chaining" as a way to handle "collisions," in which more-than one key maps to the 
same array index. Section 11.3 describes how we can corrayte array indices from 
keys using hash functions. We present and analyze severafVariations on the basic 
theme. Section 11.4 looks at "open addressing," which is another way to deal with 
collisions. The bottom line is that hashing is an extremely effective and practical 
technique: the basic dictionary operations require only 0(1) time on the average. 
Section 11.5 explains how "perfect hashing" can support searches in 0(1) worst- 
case time, when the set of keys being stored is static (that is, when the set of keys 
never changes once stored). 
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11.1 Direct-address tables 



T^ect addressing is a simple technique that works well when the universe U of 
ke^isreasonably small. Suppose that an application needs a dynamic set in which 
eachvQfcment has a key drawn from the universe U = {0, 1, . . . , m — 1}, where m 
is not t^)large. We shall assume that no two elements have the same key. 

To repj(S^ent the dynamic set, we use an array, or direct-address table, denoted 
by T[0 . . 1], in which each position, or slot, corresponds to a key in the uni- 
verse U . Fig Y iWll.l illustrates the approach; slot k points to an element in the set 
with key k. If tlje^set contains no element with key k, then T[k] = NIL. 
The dictionary'^erations are trivial to implement: 

Direct- Address-£ear.ch('T, k) 

V, 



1 return T[k] 

DlRECT-ADDRESS-lNSERtf^Vx) 
T[x.key] = x 



1 



0 



Direct- Address-Delete (7 1 , xj . 
1 T[x.key] = NIL "O 

Each of these operations takes only Ofl^me 

z36 



key satellite data 




Figure 11.1 How to implement a dynamic set by a direct-address table T. Each key in the universe 
U = {0, 1, . . . , 9} corresponds to an index in the table. The set K = {2, 3, 5. 8} of actual keys 
determines the slots in the table that contain pointers to elements. The other slots, heavily shaded, 
contain NIL. 
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For some applications, the direct-address table itself can hold the elements in the 
dynamic set. That is, rather than storing an element's key and satellite data in an 
^\ object external to the direct-address table, with a pointer from a slot in the table to 
x^me object, we can store the object in the slot itself, thus saving space. We would 
a special key within an object to indicate an empty slot. Moreover, it is often 
unnecessary to store the key of the object, since if we have the index of an object 
in meltable, we have its key. If keys are not stored, however, we must have some 
way to ^ whether the slot is empty. 

Exercises 
11.1-1 

Suppose that a d^amic set S is represented by a direct-address table T of length m. 
Describe a procedure that finds the maximum element of S. What is the worst-case 
performance of youf^ocedure? 

c 

11.1-2 <\ 

A bit vector is simply an atrSy of bits (Os and Is). A bit vector of length m takes 
much less space than an array^of m pointers. Describe how to use a bit vector 
to represent a dynamic set of mstinct elements with no satellite data. Dictionary 
operations should run in 0(1) tiirj^ 

11.1-3 \? 

Suggest how to implement a direct-a ss table in which the keys of stored el- 
ements do not need to be distinct and elements can have satellite data. All 
three dictionary operations (Insert, Del^Je. and Search) should run in 0(1) 
time. (Don't forget that Delete takes as ai^@ument a pointer to an object to be 
deleted, not a key.) C) 

11.1-4 ★ v 

We wish to implement a dictionary by using direct addressing on a huge array. At 
the start, the array entries may contain garbage, andSnitializing the entire array 
is impractical because of its size. Describe a scheme foomplementing a direct- 
address dictionary on a huge array. Each stored object should use 0(1) space; 
the operations Search, Insert, and Delete should take 0(1) time each; and 
initializing the data structure should take 0(1) time. {Hint: Use an additional array, 
treated somewhat like a stack whose size is the number of keys actually stored in 
the dictionary, to help determine whether a given entry in the huge array is valid or 
not.) 
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11.2 Hash tables 

Ijjk downside of direct addressing is obvious: if the universe U is large, storing 
a tS^le.'r of size \U\ may be impractical, or even impossible, given the memory 
avaitame on a typical computer. Furthermore, the set K of keys actually stored 
may b^jo small relative to U that most of the space allocated for T would be 
wasted. ^ 

When thg'Set K of keys stored in a dictionary is much smaller than the uni- 
verse U of alTpo*ssible keys, a hash table requires much less storage than a direct- 
address table. Specifically, we can reduce the storage requirement to ®(|^T|) while 
we maintain the benefit that searching for an element in the hash table still requires 
only 0(1) time. Trrej^ttch is that this bound is for the average-case time, whereas 
for direct addressingSt hplds for the worst-case time. 

With direct addressingyan element with key k is stored in slot k. With hashing, 
this element is stored in sk>tji(k); that is, we use a hash function h to compute the 
slot from the key k. Here,%^Wps the universe U of keys into the slots of a hash 
table T[0..m- 11: O 

h : U -+{0,l,...,m- 1} , v # 

where the size m of the hash table Itfj^pically much less than | U | . We say that an 
element with key k hashes to slot h(k^we also say that h(k) is the hash value of 
key k. Figure 11.2 illustrates the basic i(3^a. The hash function reduces the range 
of array indices and hence the size of the tfrrjay. Instead of a size of I U I , the array 



can have size m. 




h(k*) 

h(k 2 ) = h(k<y> 

Kk 3 ) 

m-l 



Figure 11.2 Using a hash function h to map keys to hash-table slots. Because keys ki and k§ map 
to the same slot, they collide. 
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Figure 11.3 Collision reSefution by chaining. Each hash-table slot T[j] contains a linked list of 
all the keys whose hash valuSTis j. For example, h(k\) = h(k\) and h(ks) = h(kj) = h(k2). 
The linked list can be eithersinaly or doubly linked; we show it as doubly linked because deletion is 
faster that way. C,> 

\ 

There is one hitch: two keyVmay hash to the same slot. We call this situation 
a collision. Fortunately, we hai^e effective techniques for resolving the conflict 
created by collisions. "O 

Of course, the ideal solution wou^be to avoid collisions altogether. We might 
try to achieve this goal by choosing Suitable hash function h. One idea is to 
make h appear to be "random," thus adding collisions or at least minimizing 
their number. The very term "to hash, piking images of random mixing and 
chopping, captures the spirit of this approach^^f course, a hash function h must be 
deterministic in that a given input k should always produce the same output h(k).) 
Because \ U\ > m, however, there must be at leastWo keys that have the same hash 
value; avoiding collisions altogether is therefore impossible. Thus, while a well- 
designed, "random"-looking hash function can minimige the number of collisions, 
we still need a method for resolving the collisions thardp-occur. 

The remainder of this section presents the simplest SqpMjsion resolution tech- 
nique, called chaining. Section 1 1.4 introduces an alternativpmethod for resolving 
collisions, called open addressing. 



Collision resolution by chaining 

In chaining, we place all the elements that hash to the same slot into the same 
linked list, as Figure 1 1.3 shows. Slot j contains a pointer to the head of the list of 
all stored elements that hash to j ; if there are no such elements, slot j contains NIL. 



Chapter 11 Hash Tables 



The dictionary operations on a hash table T are easy to implement when colli- 
sions are resolved by chaining: 

Chained-Hash-Insert(T', x) 
f'^jjsert x at the head of list T[h(x.key)] 

ChaI^ed-Hash-Search (T, k) 

1 seare^or an element with key k in list T[h(k)] 

CHAINED-^SH-DELETE(r, x) 

1 delete x ft(Sm the list T[h(x.key)] 




The worst-case ru^yjng time for insertion is 0(1). The insertion procedure is fast 
in pail because it assumes that the element x being inserted is not already present in 
the table; if necessary, wp-can check this assumption (at additional cost) by search- 
ing for an element whose^ey is x.key before we insert. For searching, the worst- 
case running time is proportional to the length of the list; we shall analyze this 
operation more closely below^iVe can delete an element in 0(1) time if the lists 
are doubly linked, as Figure mL3 depicts. (Note that Chained-Hash-Delete 
takes as input an element x andwit its key k, so that we don't have to search for x 
first. If the hash table supports del«tio», then its linked lists should be doubly linked 
so that we can delete an item quick%^) If. the lists were only singly linked, then to 
delete element x, we would first have\ro find x in the list T[h(x.key)] so that we 
could update the next attribute of x's predecessor. With singly linked lists, both 
deletion and searching would have the san^fesymptotic running times.) 

Analysis of hashing with chaining 

How well does hashing with chaining perform? Inpai^icular, how long does it take 
to search for an element with a given key? 

Given a hash table T with m slots that stores n elements, we define the load 
factor a for T as n/m, that is, the average number of elements stored in a chain. 
Our analysis will be in terms of a, which can be less tnan^equal to, or greater 
than 1. 

The worst-case behavior of hashing with chaining is terrible: all n keys hash 
to the same slot, creating a list of length n . The worst-case time for searching is 
thus 0(h) plus the time to compute the hash function— no better than if we used 
one linked list for all the elements. Clearly, we do not use hash tables for their 
worst-case performance. (Perfect hashing, described in Section 11.5, does provide 
good worst-case performance when the set of keys is static, however.) 

The average-case performance of hashing depends on how well the hash func- 
tion h distributes the set of keys to be stored among the m slots, on the average. 
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Section 11.3 discusses these issues, but for now we shall assume that any given 
element is equally likely to hash into any of the m slots, independently of where 
i»ry other element has hashed to. We call this the assumption of simple uniform 
■gnashing. 

r>£yor j = 0, 1, . . . , m — 1, let us denote the length of the list T[j] by nj, so that 

0 + «! + ■■■ + « m _i , (11-1) 

and unexpected value of rij is E [nj] = a = n/m. 

We assume that 0(1) time suffices to compute the hash value h(k), so that 
the time Inquired to search for an element with key k depends linearly on the 
length «ft(,t)Nj^f the list T[h(k)\. Setting aside the 0(1) time required to compute 
the hash functfp)i and to access slot h(k), let us consider the expected number of 
elements examii^l by the search algorithm, that is, the number of elements in the 
list T[h(k)] that thtfalgorifhm checks to see whether any have a key equal to k. We 
shall consider two cs^s. In the first, the search is unsuccessful: no element in the 
table has key k. In the second, the search successfully finds an element with key k. 
K > 

Theorem 11.1 

In a hash table in which collrsieiis are resolved by chaining, an unsuccessful search 
takes average-case time 0( 1 -praj, under the assumption of simple uniform hashing. 

Proof Under the assumption of simple uniform hashing, any key k not already 
stored in the table is equally likely to hQi to any of the m slots. The expected time 
to search unsuccessfully for a key k is^i^expected time to search to the end of 
list T[h(k)], which has expected length E fis^W)] = a. Thus, the expected number 
of elements examined in an unsuccessful s^ajrc^h is a, and the total time required 
(including the time for computing h(k)) is 0(l(4)a). ■ 



The situation for a successful search is slightly different, since each list is not 
equally likely to be searched. Instead, the probability Aat a list is searched is pro- 
portional to the number of elements it contains. Nonetheless, the expected search 
time still turns out to be 0(1 + a). 

Theorem 11.2 

In a hash table in which collisions are resolved by chaining, a successful search 
takes average-case time 0(1 +a), under the assumption of simple uniform hashing. 



Proof We assume that the element being searched for is equally likely to be any 
of the n elements stored in the table. The number of elements examined during a 
successful search for an element x is one more than the number of elements that 
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appeal - before i in jc's list. Because new elements are placed at the front of the 
list, elements before x in the list were all inserted after x was inserted. To find 
•^ftie expected number of elements examined, we take the average, over the n ele- 
■jrfants x in the table, of 1 plus the expected number of elements added to x 's list 
afW)x was added to the list. Let x t denote the z'th element inserted into the ta- 
ble, $<mi = 1,2, ... ,n, and let k t = Xi.key. For keys ki and kj, we define the 
indicararyandom variable X,y = l{h(kj) = h(kj)}. Under the assumption of sim- 
ple uniibpm hashing, we have Pr = h(kj)} = 1/m, and so by Lemma 5.1, 
E [Xij] =NlZ*B. Thus, the expected number of elements examined in a successful 
search is ▼ v* 
. , X > 

1 




i = l V V 



(by linearity of expectation) 





Thus, the total time required for a successful search (incluc; 
puting the hash function) is0(2 + a/2 — a/2n) = 0(1 + a^T 



the time for com- 



What does this analysis mean? If the number of hash-table slots is at least pro- 
portional to the number of elements in the table, we have n = 0(m) and, con- 
sequently, a = n/m = 0(m)/m = 0(1). Thus, searching takes constant time 
on average. Since insertion takes 0(1) worst-case time and deletion takes 0(1) 
worst-case time when the lists are doubly linked, we can support all dictionary 
operations in 0(1) time on average. 
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Exercises 



11.2-1 



,^suppose we use a hash function h to hash n distinct keys into an array T of 
, dength m. Assuming simple uniform hashing, what is the expected number of 
csmrfons? More precisely, what is the expected cardinality of {{k, 1} : k ^ / and 

h$r=h(i)}7 

11.2-2 0 

Demonst*?^ what happens when we insert the keys 5, 28, 19, 15, 20, 33, 12, 17, 10 
into a hash^afole with collisions resolved by chaining. Let the table have 9 slots, 
and let the hastiHunction be h(k) = k mod 9. 

11.2-3 

Professor Marley hypothesizes that he can obtain substantial performance gains by 
modifying the chaining seheme to keep each list in sorted order. How does the pro- 
fessor's modification affect the running time for successful searches, unsuccessful 
searches, insertions, and ag^ions? 

11.2-4 0 

Suggest how to allocate and deallocate storage for elements within the hash table 
itself by linking all unused slots *tfrto a free list. Assume that one slot can store 
a flag and either one element plus -a/pointer or two pointers. All dictionary and 
free-list operations should run in 0(lVexpected time. Does the free list need to be 
doubly linked, or does a singly linked fr^hst suffice? 

11.2-5 tf\ 



Suppose that we are storing a set of n keys inta-a hash table of size m. Show that if 
the keys are drawn from a universe 17 with | | Ohm, then U has a subset of size n 
consisting of keys that all hash to the same slot, (§o that the worst-case searching 
time for hashing with chaining is &(n). • 

o 

11.2-6 O 

Suppose we have stored n keys in a hash table of size m, w*tpcollisions resolved by 
chaining, and that we know the length of each chain, including the length L of the 
longest chain. Describe a procedure that selects a key uniformly at random from 
among the keys in the hash table and returns it in expected time 0(L ■ (1 + 1/a)). 
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11.3 Hash functions 

iQhis section, we discuss some issues regarding the design of good hash functions 
an^hen present three schemes for their creation. Two of the schemes, hashing by 
divisiojl and hashing by multiplication, are heuristic in nature, whereas the third 
scheme^niversal hashing, uses randomization to provide provably good perfor- 
mance. 

What makes\a>good hash function? 

A good hash function satisfies (approximately) the assumption of simple uniform 
hashing: each key\« aaually likely to hash to any of the m slots, independently of 
where any other ke)\has Jiashed to. Unfortunately, we typically have no way to 
check this condition, sMce^we rarely know the probability distribution from which 
the keys are drawn. Moreover, the keys might not be drawn independently. 

Occasionally we do kno^tlie distribution. For example, if we know that the 
keys are random real numbe^> /: independently and uniformly distributed in the 
range 0 < k < 1, then the hash (fiction 



h(k) = \_km\ 



satisfies the condition of simple unifoi^fr hashing. 

In practice, we can often employ heu@tic techniques to create a hash function 
that performs well. Qualitative informatio(f^bout the distribution of keys may be 
useful in this design process. For example, a^sider a compiler's symbol table, in 
which the keys are character strings represent^f^identifiers in a program. Closely 
related symbols, such as pt and pts, often occiffsin the same program. A good 
hash function would minimize the chance that sucH^&riants hash to the same slot. 

A good approach derives the hash value in a way that we expect to be indepen- 
dent of any patterns that might exist in the data. For example, the "division method" 
(discussed in Section 11.3.1) computes the hash value as .the remainder when the 
key is divided by a specified prime number. This methoa^f#gquently gives good 
results, assuming that we choose a prime number that is unrelated to any patterns 
in the distribution of keys. 

Finally, we note that some applications of hash functions might require stronger 
properties than are provided by simple uniform hashing. For example, we might 
want keys that are "close" in some sense to yield hash values that are far apart. 
(This property is especially desirable when we are using linear probing, defined in 
Section 11.4.) Universal hashing, described in Section 11.3.3, often provides the 
desired properties. 
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Interpreting keys as natural numbers 

rv Most hash functions assume that the universe of keys is the set N = {0, 1, 2, . . .} 
^ >«?f natural numbers. Thus, if the keys are not natural numbers, we find a way to 
^interpret them as natural numbers. For example, we can interpret a character string 
asran* integer expressed in suitable radix notation. Thus, we might interpret the 
idenctffifir pt as the pair of decimal integers (112,116), since p = 1 12 and t = 1 16 
in theO^SCII character set; then, expressed as a radix- 128 integer, pt becomes 
(112 ■ 1^X+ 116 = 14452. In the context of a given application, we can usually 
devise sdfpi such method for interpreting each key as a (possibly large) natural 
number. InN^nat follows, we assume that the keys are natural numbers. 

11.3.1 The diiiitfon method 

In the division method for creating hash functions, we map a key k into one of m 
slots by taking the rema^der of k divided by m. That is, the hash function is 

h(k) = k mod m . (\> 

For example, if the hash table, has size m = 12 and the key is k = 100, then 
h(k) = 4. Since it requires only a single division operation, hashing by division is 
quite fast. • > 

When using the division meth«d< we usually avoid certain values of m. For 
example, m should not be a power lsf2, since if m = 2 P , then h{k) is just the p 
lowest-order bits of k. Unless we knovQ^at all low-order p-b\t patterns are equally 
likely, we are better off designing the ha^p&inction to depend on all the bits of the 
key. As Exercise 11.3-3 asks you to sho^fchoosing m = 2 P — 1 when k is a 
character string interpreted in radix 2 P maj^a poor choice, because permuting 
the characters of k does not change its hash val^B) 

A prime not too close to an exact power of 2 i^&ften a good choice for m. For 
example, suppose we wish to allocate a hash table, with collisions resolved by 
chaining, to hold roughly n = 2000 character strings, wtaere a character has 8 bits. 
We don't mind examining an average of 3 elements in a»-tinsuccessful search, and 
so we allocate a hash table of size m — 701. We could c^dose m = 701 because 
it is a prime near 2000/3 but not near any power of 2. Tre<ating each key k as an 
integer, our hash function would be 

h(k) = k mod 701 . 



11.3.2 The multiplication method 



The multiplication method for creating hash functions operates in two steps. First, 
we multiply the key k by a constant A in the range 0 < A < 1 and extract the 
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A ■ 2 U 



ro 



0 



extract p bits 



h(k) 



V>' 

Figure 11.4 The rptdtiplication method of hashing. The 10-bit representation of the key k is multi- 
plied by the io-bit vstfue^s = A ■ 2 W . The p highest-order bits of the lower 10-bit half of the product 
form the desired hash\3rue h(k). 

\r 

fractional part of kA. MiQP, we multiply this value by m and take the floor of the 
result. In short, the hash function is 

h(k) = [m {kA mod 1)J 



where "kA mod 1" means the fractional part of kA, that is, kA — [kA\. 

An advantage of the multiplicaMon^method is that the value of m is not critical. 
We typically choose it to be a poweQf 2 (m — 2 P for some integer p), since we 
can then easily implement the functiisji on most computers as follows. Suppose 
that the word size of the machine is w 1@ and that k fits into a single word. We 
restrict A to be a fraction of the form s^Jk where s is an integer in the range 
0 < s < 2 W . Referring to Figure 11.4, we^Vst multiply k by the tc-bit integer 
s = A ■ 2 W . The result is a 2u>-bit value r{X w ^rfy, where rj is the high-order word 
of the product and r 0 is the low-order word of fh^pduct. The desired p-bit hash 
value consists of the p most significant bits of r 0 . s\ 

Although this method works with any value of the constant A, it works better 
with some values than with others. The optimal choice/depends on the character- 
istics of the data being hashed. Knuth [211] suggests thatQ 

A rs (V5- l)/2 = 0.6180339887... ^ (11.2) 

is likely to work reasonably well. 

As an example, suppose we have k = 123456, p = 14, m = 2 14 = 16384, 
and w = 32. Adapting Knuth's suggestion, we choose A to be the fraction of the 
form s/2 32 that is closest to (V5- l)/2, so that A = 2654435769/2 32 . Then 
k • s = 32Ti '06022297 '664 = (76300 ■ 2 32 ) + 17612864, and so r x = 76300 
and r 0 = 17612864. The 14 most significant bits of r 0 yield the value h(k) = 67. 
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11.3.3 Universal hashing 

If a malicious adversary chooses the keys to be hashed by some fixed hash function, 
^ ^Aen the adversary can choose n keys that all hash to the same slot, yielding an av- 
xerage retrieval time of &(n). Any fixed hash function is vulnerable to such terrible 
w»rsj*-case behavior; the only effective way to improve the situation is to choose 
the hash function randomly in a way that is independent of the keys that are actually 
goingvjo be stored. This approach, called universal hashing, can yield provably 
good p<$>rm ance on average, no matter which keys the adversary chooses. 

In univ^pal hashing, at the beginning of execution we select the hash function 
at random fi<<5m a carefully designed class of functions. As in the case of quick- 
sort, randomiXajlon guarantees that no single input will always evoke worst-case 
behavior. BecaB^ we randomly select the hash function, the algorithm can be- 
have differently o^ach execution, even for the same input, guaranteeing good 
average-case performance for any input. Returning to the example of a compiler's 
symbol table, we find th^fl the programmer's choice of identifiers cannot now cause 
consistently poor hashins^nerformance. Poor performance occurs only when the 
compiler chooses a randonLf&sh function that causes the set of identifiers to hash 
poorly, but the probability of/^his situation occurring is small and is the same for 
any set of identifiers of the same size. 

Let M be a finite collection ofb^sh functions that map a given universe U of 
keys into the range {0,1, ... ,m ~^K> Such a collection is said to be universal 
if for each pair of distinct keys k, 1\£JJ, the number of hash functions h e M 
for which h(k) = h(l) is at most In other words, with a hash function 

randomly chosen from M , the chance ocsrcollision between distinct keys k and / 
is no more than the chance 1/ m of a collisioSr if h(k) and h(l) were randomly and 
independently chosen from the set {0, 1, . . 1}. 

The following theorem shows that a universaQass of hash functions gives good 
average-case behavior. Recall that «, denotes the^ength of list T[i]. 

• 

Theorem 11.3 Q\ 

Suppose that a hash function h is chosen randomly frorrT^ universal collection of 
hash functions and has been used to hash n keys into arable T of size m, us- 
ing chaining to resolve collisions. If key k is not in the tefble, then the expected 
length E [«/;(£)] of the list that key k hashes to is at most the load factor a = n/m. 
If key k is in the table, then the expected length E of the list containing key k 

is at most 1 + a. 



Proof We note that the expectations here are over the choice of the hash func- 
tion and do not depend on any assumptions about the distribution of the keys. 
For each pair k and / of distinct keys, define the indicator random variable 
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Xki = \ {h(k) = h(l)}. Since by the definition of a universal collection of hash 
functions, a single pair of keys collides with probability at most l/m, we have 
\^tr{h(k) = h(l)} < l/m. By Lemma 5.1, therefore, we have E [X^i] < l/m. 
•Sjiext we define, for each key k, the random variable that equals the number 
of (te$tys other than k that hash to the same slot as k, so that 

kl ■ 



Thus we haw) 
Eft] = 





t— 1 m 

leT 



If k $ T , then rih(k) = Y k and 
E [Y k ] < n/m = a. 



n. Thus E [n h (k)] = 



E [i^jt/K* (by linearity of expectation) 

X 

The remainder of the proof depenflsofi whether key k is in table T. 

KT^/e T and / ^ 

o 

• If € !T, then because key k appears i{Q)Lst T[h(k)] and the count does not 
include key k, we have rih(k) = Yk + i |{1 : I 6 T and / ^ /c}| = n — 1. 
Thus E [n A(jfe) ] = E [Y k ] + 1 < (n - l)/m^ = 1 + a - l/m < 1 + a. m 

The following corollary says universal hashing provides the desired payoff: it 
has now become impossible for an adversary to pick a sequence of operations that 
forces the worst-case running time. By cleverly randomizing the choice of hash 
function at run time, we guarantee that we can process ever>-sequence of operations 
with a good average-case running time. 

Corollary 11.4 

Using universal hashing and collision resolution by chaining in an initially empty 
table with m slots, it takes expected time 0(«) to handle any sequence of n Insert, 
Search, and Delete operations containing 0(m) Insert operations. 



Proof Since the number of insertions is O(m), we have n = O(m) and so 
a = 0(1). The Insert and Delete operations take constant time and, by The- 
orem 11.3, the expected time for each Search operation is 0(1). By linearity of 
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expectation, therefore, the expected time for the entire sequence of n operations 
is O(n). Since each operation takes £2(1) time, the 0(«) bound follows. ■ 

\Pesigning a universal class of hash functions 

C\> , 

It r r><quite easy to design a universal class of hash functions, as a little number 
theofv-will help us prove. You may wish to consult Chapter 31 first if you are 
unfarrmUr with number theory. 

We b\sgja by choosing a prime number p large enough so that every possible 
key k is invthe range 0 to p — 1, inclusive. Let Z p denote the set {0, 1, ...,/? — 1}, 
and let Z* denote the set {1, 2, — 1}. Since p is prime, we can solve equa- 
tions modulo jtvwith the methods given in Chapter 31. Because we assume that the 
size of the univefc^ of keys is greater than the number of slots in the hash table, we 
have p > m. \ 

We now define th^iash function h a b for any a e Z* and any b e 7L P using a 
linear transformation f«jlTbwed by reductions modulo p and then modulo m: 



h a b(k) = ((ak + b) mocr^^nod m . (1 1 .3) 

For example, with p = 17 a^/« = 6, we have ^3,4(8) = 5. The family of all 
such hash functions is 



3t pm = {h ab : a e Z* p and b e Z$5y (1 1.4) 

Each hash function h a b maps 7L P to Z^This class of hash functions has the nice 
property that the size m of the output rarvga is arbitrary— not necessarily prime— a 
feature which we shall use in Section HT5r\ Since we have p — 1 choices for a 
and p choices for b, the collection M pm corrals p(p — 1) hash functions. 

Theorem 11.5 

The class 3i pm of hash functions defined by equations (11.3) and (1 1.4) is universal. 

Proof Consider two distinct keys k and / from Z^Xgl^that k ^ /. For a given 
hash function h a b we let O 

r = (ak + b) mod p , 
s = (al + &) mod . 

We first note that r ^ s. Why? Observe that 

r — s = a(k — I) (mod p) . 

It follows that r ^ s because p is prime and both a and (k — I) are nonzero 
modulo p, and so their product must also be nonzero modulo p by Theorem 31.6. 
Therefore, when computing any h a j, € M pm , distinct inputs k and / map to distinct 
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values r and s modulo p\ there are no collisions yet at the "mod p level." Moreover, 
each of the possible p(p— 1) choices for the pair (a , b) with a / 0 yields a different 
■^resulting pah - (r, s) with r ^ s, since we can solve for a and b given r and 5: 

iV* = ((r — .?)((/: — mod />)) mod /? , 
b — mod p , 

where — mod />) denotes the unique multiplicative inverse, modulo p, 
of k — ?./rf?jince there are only jt>(/? — 1) possible pairs (r,s) with r ^ s, there 
is a one-to^pke correspondence between pairs {a , b) with a ^ 0 and pairs (r, s) 
with r ^ s. 'Thus, for any given pair of inputs k and / , if we pick (a, b) uniformly 
at random from^* x Z p , the resulting pair (r, s) is equally likely to be any pair of 
distinct values mdoiilo p. 

Therefore, the pwoability that distinct keys k and / collide is equal to the prob- 
ability that r = s (mod. w) when r and s are randomly chosen as distinct values 
modulo p. For a givenValue of r, of the p — 1 possible remaining values for s, the 
number of values s such (hat s ^ r and s = r (mod m) is at most 

\p/m \ — 1 < ((p + m*^)$Jm) — 1 (by inequality (3.6)) 
= (p- l)Jm . 0 

The probability that s collides .with r when reduced modulo m is at most 
((p - l)/m)/(p - 1) = l/m. <5 v 
Therefore, for any pair of distinct values /c, / e Zp, 

Pr = h ab (l)}< l/m, O 

so that M pm is indeed universal. V <C\ " 

Exercises 

Suppose we wish to search a linked list of length n, wl(eite each element contains 
a key k along with a hash value /t(/c). Each key is a lon^haracter string. How 
might we take advantage of the hash values when searching*^ list for an element 
with a given key? 



11.3-2 

Suppose that we hash a string of r characters into m slots by treating it as a 
radix- 128 number and then using the division method. We can easily represent 
the number m as a 32-bit computer word, but the string of r characters, treated as 
a radix- 128 number, takes many words. How can we apply the division method to 
compute the hash value of the character string without using more than a constant 
number of words of storage outside the string itself? 
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^ 11.3-3 

, Consider a version of the division method in which h(k) = k mod m, where 
^\ m = 2 P — 1 and k is a character string interpreted in radix 2 P . Show that if we 
v^aan derive string x from string y by permuting its characters, then x and y hash to 
th£)same value. Give an example of an application in which this property would be 
undesirable in a hash function. 



Considec s ahash table of size m = 1000 and a corresponding hash function h(k) = 
[m (kA mqci 1)J for A = (a/5 — l)/2. Compute the locations to which the keys 
61, 62, 63, 5^, and 65 are mapped. 

11.3-5 * ^ 

Define a family 3v%f hash functions from a finite set U to a finite set B to be 
e -universal if for alLnlifrs of distinct elements k and / in U, 

Pr{h(k) = h(l)} < e ,<\ 

where the probability is ov^Kthe choice of the hash function h drawn at random 
from the family M . Show tha^ap e-universal family of hash functions must have 

11.3-6 * O 

Let J/ be the set of n -tuples of values d^Jcn from Z p , and let B = Z p , where p 
is prime. Define the hash function ht, : lAS^ B for b e Z p on an input w -tuple 
(fl 0 ,fli,.,.,fl„_i)from[/as ><^) 

h b {(a.Q,ai,. . .,a„-i)) = ly^ajb j J mod p , 

y=o / • 

and let M = {hf, : b e Z p }. Argue that M is ((« — l^yfc) -universal according to 
the definition of e-universal in Exercise 11.3-5. {Hint: See^jxercise 31.4-4.) 



11.4 Open addressing 

In open addressing, all elements occupy the hash table itself. That is, each table 
entry contains either an element of the dynamic set or NIL. When searching for 
an element, we systematically examine table slots until either we find the desired 
element or we have ascertained that the element is not in the table. No lists and 
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no elements are stored outside the table, unlike in chaining. Thus, in open ad- 
dressing, the hash table can "fill up" so that no further insertions can be made; one 
^Consequence is that the load factor a can never exceed 1. 
v^T)f course, we could store the linked lists for chaining inside the hash table, in 
th^Jfherwise unused hash-table slots (see Exercise 11.2-4), but the advantage of 
opeiv^f dressing is that it avoids pointers altogether. Instead of following pointers, 
we conxmte the sequence of slots to be examined. The extra memory freed by not 
storing pomters provides the hash table with a larger number of slots for the same 
amount ormemory, potentially yielding fewer collisions and faster retrieval. 

To perform rnsertion using open addressing, we successively examine, or probe, 
the hash tableXmMl we find an empty slot in which to put the key. Instead of being 
fixed in the orde&'O.l, . . . , m — 1 (which requires ®(n) search time), the sequence 
of positions prob&C&apends upon the key being inserted. To determine which slots 
to probe, we extend me ha^h function to include the probe number (starting from 0) 
as a second input. Thiis^the hash function becomes 

h : Ux{0, l,...,m- If ^{0, 1, . . . , m - 1} . 

With open addressing, we require that for every key k, the probe sequence 



(h(k,0),h(k, l),...,h(k,m->J 

be a permutation of (0, 1 m — lXj^D that every hash-table position is eventually 

considered as a slot for a new key as th^fable fills up. In the following pseudocode, 
we assume that the elements in the haslQjable T are keys with no satellite infor- 
mation; the key k is identical to the eleme@£ontaining key k. Each slot contains 
either a key or NIL (if the slot is empty)/T.h^HASH-lNSERT procedure takes as 
input a hash table T and a key k. It either retu^ the slot number where it stores 
key k or flags an error because the hash table is already full. 



Hash-Insert (T,k) 

1 i = 0 

2 repeat 

3 j = h(k, i) 

4 ifr[y]==NlL 

5 T[j] = k 

6 return j 

7 else i = i + 1 

8 until i == m 

9 error "hash table overflow" 



The algorithm for searching for key k probes the same sequence of slots that the 
insertion algorithm examined when key k was inserted. Therefore, the search can 
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terminate (unsuccessfully) when it finds an empty slot, since k would have been 
inserted there and not later in its probe sequence. (This argument assumes that keys 
are not deleted from the hash table.) The procedure Hash-Search takes as input 
V'ahash table T and a key k, returning j if it finds that slot j contains key k, or NIL 
i^ey k is not present in table T . 

Ha^L^earch(T, k) 

1 i=Q 

2 repeal") 

3 j<Jt(kJ) 

4 itT\jfc=k 

5 return j 

6 i = i +\x 

1 until T[j] == ML or i == m 
8 return NIL ^ 

Deletion from an opefQatidress hash table is difficult. When we delete a key 
from slot i, we cannot simpK mark that slot as empty by storing NIL in it. If 
we did, we might be unable <Q\retrieve any key k during whose insertion we had 
probed slot i and found it occupied We can solve this problem by marking the 
slot, storing in it the special value^^LETED instead of NIL. We would then modify 
the procedure Hash-Insert to treaL«uch a slot as if it were empty so that we can 
insert a new key there. We do not need (gmodif y Hash-Search, since it will pass 
over DELETED values while searching. When we use the special value DELETED, 
however, search times no longer depend^uirthe load factor a, and for this reason 
chaining is more commonly selected as a coIJ^Dn resolution technique when keys 



In our analysis, we assume uniform hashin£?tiQe probe sequence of each key 



must be deleted. 

s, we assume uniform hashing 
is equally likely to be any of the m! permutations of (0, 1, . . . , m — 1). Uni- 
form hashing generalizes the notion of simple unifoPm_hashing defined earlier to a 
hash function that produces not just a single number, buta whole probe sequence. 
True uniform hashing is difficult to implement, howeve^r^Hjd in practice suitable 
approximations (such as double hashing, defined below) ar^?ised. 

We will examine three commonly used techniques to compute the probe se- 
quences required for open addressing: linear probing, quadratic probing, and dou- 
ble hashing. These techniques all guarantee that (h(k, 0),h(k, 1), . . . , h(k, m — 1)) 
is a permutation of (0, 1, ... ,m — 1) for each key k. None of these techniques ful- 
fills the assumption of uniform hashing, however, since none of them is capable of 
generating more than m 2 different probe sequences (instead of the ml that uniform 
hashing requires). Double hashing has the greatest number of probe sequences and, 
as one might expect, seems to give the best results. 
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Linear probing 

* rGiven an ordinary hash function h! : U -> {0, 1, . . . , m — 1}, which we refer to as 
^apefauxiliary hash function, the method of linear probing uses the hash function 

h\$p) = (h'(k) + 0 mod m 

for i *=J), I, . . . ,m — 1. Given key k, we first probe T[h'(k)], i.e., the slot given 
by the sfikiliary hash function. We next probe slot T[h'(k) + 1], and so on up to 
slot r[m^ll. Then we wrap around to slots T[0], T[l], . . . until we finally probe 
slot T[h'(k\f 11. Because the initial probe determines the entire probe sequence, 
there are onlyy^ distinct probe sequences. 

Linear probiK^)is easy to implement, but it suffers from a problem known as 
primary clustering§)Long runs of occupied slots build up, increasing the average 
search time. Cluster^frise because an empty slot preceded by i full slots gets filled 
next with probability (z>f l)/m. Long runs of occupied slots tend to get longer, 
and the average search tiwi& increases. 

<>* 

Quadratic probing S\ 

Quadratic probing uses a hash friction of the form 

h(kj) = (h'(k) + c x i + c 2 i 2 ) mo^ , (11.5) 

where h' is an auxiliary hash functioned and c 2 are positive auxiliary constants, 
and i = 0, 1, . . . , m — 1. The initial p^s])tion probed is T[h'(k)]; later positions 
probed are offset by amounts that depend,i{pkquadratic manner on the probe num- 
ber i . This method works much better than l^ar probing, but to make full use of 
the hash table, the values of C\, c 2 , and m ar^cipnstrained. Problem 11-3 shows 
one way to select these parameters. Also, if two^ys have the same initial probe 
position, then then probe sequences are the same,^fiice h(ki,0) = h(k 2 ,0) im- 
plies h(k\,i) = h(k 2 , i). This property leads to a milder form of clustering, called 
secondary clustering. As in linear probing, the initial probe determines the entire 
sequence, and so only m distinct probe sequences are usedr^ 

Double hashing 

Double hashing offers one of the best methods available for open addressing be- 
cause the permutations produced have many of the characteristics of randomly 
chosen permutations. Double hashing uses a hash function of the form 

h(k,i) = (hi(k) + ih 2 (k)) mod m , 



where both hi and h 2 are auxiliary hash functions. The initial probe goes to posi- 
tion T[hi(k)]; successive probe positions are offset from previous positions by the 
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Figure 11.5 Insertion by dbufik hashing. Here we have a hash table of size 13 with h\(k) = 
k mod 13 and h 2 (k) = 1 + (Ftfmtf 11). Since 14 = 1 (mod 13) and 14 = 3 (mod 11), we insert 
the key 14 into empty slot 9, aftef\examining slots 1 and 5 and finding them to be occupied. 

amount h 2 (k), modulo m. Thus*unHke the case of linear or quadratic probing, the 
probe sequence here depends in tW ways upon the key k, since the initial probe 
position, the offset, or both, may va^ Figure 11.5 gives an example of insertion 
by double hashing. O 

The value h 2 (k) must be relatively pr^tjik to the hash-table size m for the entire 
hash table to be searched. (See Exercise 11^-4.) A convenient way to ensure this 
condition is to let m be a power of 2 and to <$sig n h 2 so that it always produces an 
odd number. Another way is to let m be prime(a)id to design h 2 so that it always 
returns a positive integer less than m. For exampl^we could choose m prime and 
let 



hi(k) = k mod m , 
h 2 (k) = 1 + (k mod m') , 



where m' is chosen to be slightly less than m (say, m — 1). For example, if 
k = 123456, m = 701, and m' = 700, we have h x (k) = 80 and h 2 (k) = 257, so 
that we first probe position 80, and then we examine every 257th slot (modulo m) 
until we find the key or have examined every slot. 

When m is prime or a power of 2, double hashing improves over linear or qua- 
dratic probing in that 0(m 2 ) probe sequences are used, rather than &(m), since 
each possible (hy{k), h 2 (k)) pair yields a distinct probe sequence. As a result, for 
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such values of m, the performance of double hashing appears to be very close to 
the performance of the "ideal" scheme of uniform hashing. 
^\ Although values of m other than primes or powers of 2 could in principle be 
«^d with double hashing, in practice it becomes more difficult to efficiently gen- 
erqt&hoik) in a way that ensures that it is relatively prime to m, in part because the 
relat^^ density (p{m)/m of such numbers may be small (see equation (31.24)). 

Analysis open-address hashing 

As in our analysis of chaining, we express our analysis of open addressing in terms 
of the load faimua — n/m of the hash table. Of course, with open addressing, at 
most one elemen^occupies each slot, and thus n < m, which implies a < 1. 

We assume that&e ,are using uniform hashing. In this idealized scheme, the 
probe sequence (h(I^X)), h(k, 1), . . . , h(k, m — 1)) used to insert or search for 
each key k is equally likely to be any permutation of (0, 1, ... ,m — 1). Of course, 
a given key has a uniqua^rVxed probe sequence associated with it; what we mean 
here is that, considering thj^probability distribution on the space of keys and the 
operation of the hash functional the keys, each possible probe sequence is equally 
likely. 0 

We now analyze the expected number of probes for hashing with open address- 
ing under the assumption of unifot^hashing, beginning with an analysis of the 
number of probes made in an unsuccessful search. 

Theorem 11.6 

Given an open-address hash table with lsaa factor a = n/m < 1 , the expected 
number of probes in an unsuccessful search is-«tmost 1 / ( 1 — a ) , assuming uniform 
hashing. *v_/ 

Proof In an unsuccessful search, every probe bu^the last accesses an occupied 
slot that does not contain the desired key, and the last«slot probed is empty. Let us 
define the random variable X to be the number of probe^lnade in an unsuccessful 
search, and let us also define the event A t , for i = 1,2,(T?), to be the event that 
an ith probe occurs and it is to an occupied slot. Then fh«£j#yent {X > i} is the 
intersection of events A\ H A 2 H • • • D ^4,_i . We will bound Pr (X > i } by bounding 
Pr {A Y n A 2 n ■ ■ ■ n Ai-i}. By Exercise C.2-5, 

Pr{^! n A 2 n ■■■ n = Pr{A l }'Pr{A 2 \ Ay} -Pr{A 3 | A r C\A 2 }--- 

Pr{A_i MinA 2 n-n 4 ; _ 2 } . 

Since there are n elements and m slots, Pr j^} = n/m. For j > 1, the probability 
that there is a y'th probe and it is to an occupied slot, given that the first j — 1 
probes were to occupied slots, is (n — j + — j + 1). This probability follows 
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because we would be finding one of the remaining (« — (J — 1)) elements in one 
of the (m — (j — 1)) unexamined slots, and by the assumption of uniform hashing, 
\§\ the probability is the ratio of these quantities. Observing that n < m implies that 
V'm — J ') I (m — j ' ) < n / m for all j such that 0 < j < m , we have for all i such that 

i < m, 

n — 2 n — i + 2 
m — 2 m — i + 2 




(-) 



Now, we use eql^on (C.25) to bound the expected number of probes: 



E[X] = £Pr{^i} 
'- 1 f 



< 



/=o 
1 



T^a' O 

This bound of 1/(1 — a) = 1 +a + a 2 H^yH has an intuitive interpretation. 

We always make the first probe. With probXfliljK' approximately a, the first probe 
finds an occupied slot, so that we need to prob^Xsecond time. With probability 
approximately a 2 , the first two slots are occupie^so that we make a third probe, 
and so on. • 

If a is a constant, Theorem 1 1 .6 predicts that an unsuccessful search runs in 0(1) 
time. For example, if the hash table is half full, the avera^ number of probes in an 
unsuccessful search is at most 1/(1 — .5) = 2. If it is 90fjgiteent full, the average 
number of probes is at most 1/(1 — .9) = 10. 

Theorem 1 1.6 gives us the performance of the Hash-Insert procedure almost 
immediately. 

Corollary 11.7 

Inserting an element into an open-address hash table with load factor a requires at 
most 1/(1 — a) probes on average, assuming uniform hashing. 
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Proof An element is inserted only if there is room in the table, and thus a < 1. 
Inserting a key requires an unsuccessful search followed by placing the key into the 
■^Srst empty slot found. Thus, the expected number of probes is at most 1/(1 — a). ■ 

have to do a little more work to compute the expected number of probes for 
a s3cp^|sful search. 




Theorem 11.8 

Given an^opeji-address hash table with load factor a < 1 , the expected number of 
probes in a sjrccessful search is at most 

ii.-!- <> 

a 1 — a 

assuming uniform hqt^ing and assuming that each key in the table is equally likely 
to be searched for. w>* 

Proof A search for a key^k reproduces the same probe sequence as when the 
element with key k was insex££d. By Corollary 11.7, if k was the (i + l)st key 
inserted into the hash table, me/expected number of probes made in a search for k 
is at most 1/(1 — i/m) = m/(m — i). Averaging over all n keys in the hash table 
gives us the expected number of proja^s in a successful search: 

1 ^ m m ^ 1 \ 

n ' * m — i it i * wi — i 

= I y I 

a ^ k /O 

k=m-n+\ ^ ^ 

1 r m O v 
< I (l/x)dx (by inequalit^lA.12)) 

^ J m—n 



n • — ' m — i n • — ' m 

(=0 ;=0 



a m — n 



ii a 

a n l-a ' V 



If the hash table is half full, the expected number of probes in a successful search 
is less than 1.387. If the hash table is 90 percent full, the expected number of probes 
is less than 2.559. 
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Exercises 

^^onsider inserting the keys 10,22,31,4,15,28,17,88,59 into a hash table of 
, dength m = 11 using open addressing with the auxiliary hash function h'(k) = k. 
Hiustfate the result of inserting these keys using linear probing, using quadratic 
probing with C\ = 1 and c 2 = 3, and using double hashing with h\(k) = k and 
/t 2 (A:>^l + (k mod (m - 1)). 

11.4-2 vj) 

Write pseud^ode for Hash-Delete as outlined in the text, and modify Hash- 
Insert to haatfte the special value deleted. 



11.4-3 

Consider an open-address hash table with uniform hashing. Give upper bounds 
on the expected numsep^f probes in an unsuccessful search and on the expected 
number of probes in aNsuccessful search when the load factor is 3/4 and when it 
is 7/8. 

11.4-4 * 0 

Suppose that we use double hashing to resolve collisions— that is, we use the hash 
function h(k,i) = (h\(k) + ihrfk)) mod m. Show that if m and h 2 (k) have 
greatest common divisor d > 1 for^efme key k, then an unsuccessful search for 
key k examines (1/J)th of the hash pble before returning to slot hi(k). Thus, 
when d = 1, so that m and h 2 {k) are relatively prime, the search may examine the 
entire hash table. {Hint: See Chapter 3lVf^^ 

11.4-5 ★ *d 

Consider an open-address hash table with a loadCfa'ctor a. Find the nonzero value a 
for which the expected number of probes in an ^successful search equals twice 
the expected number of probes in a successful searcfa. Use the upper bounds given 
by Theorems 11.6 and 11.8 for these expected numbefs^f probes. 

1> 

★ 11.5 Perfect hashing 



Although hashing is often a good choice for its excellent average-case perfor- 
mance, hashing can also provide excellent worst-case performance when the set of 
keys is static: once the keys are stored in the table, the set of keys never changes. 
Some applications naturally have static sets of keys: consider the set of reserved 
words in a programming language, or the set of file names on a CD-ROM. We 
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Figure 11.6 Using perfect hashing to store the set K = {10, 22, 37, 40, 52, 60, 70, 72, 75}. The 
outer hash function is h(k) y((ak + b) mod p) mod m, where a = 3, b = 42, p = 101, and 
m = 9. For example, h(7&) ^ 2, and so key 75 hashes to slot 2 of table T. A secondary hash 
table Sj stores all keys hashirigto slot j . The size of hash table Sj is mj = nj, and the associated 
hash function is hj (k) = {{aj k \ hj ) mod p) mod mj . Since (75) = 7, key 75 is stored in slot 7 
of secondary hash table Si. No ccTl^Xns occur in any of the secondary hash tables, and so searching 
takes constant time in the worst case. 

call a hashing technique perfect lia§klng if 0(1) memory accesses are required to 
perform a search in the worst case. > 

To create a perfect hashing scheme, we-use two levels of hashing, with universal 
hashing at each level. Figure 11.6 illustratesJ:he approach. 

The first level is essentially the sameNayibr hashing with chaining: we hash 
the n keys into m slots using a hash functions^ carefully selected from a family of 
universal hash functions. 

Instead of making a linked list of the keys hashiiigio slot j , however, we use a 
small secondary hash table Sj with an associated 6^sh function hj . By choosing 
the hash functions hj carefully, we can guarantee that«there are no collisions at the 
secondary level. 

In order to guarantee that there are no collisions at the s^c<>ndary level, however, 
we will need to let the size rrij of hash table Sj be the squarp^f the number rij of 
keys hashing to slot j . Although you might think that the quadratic dependence 
of rrij on rij may seem likely to cause the overall storage requirement to be exces- 
sive, we shall show that by choosing the first-level hash function well, we can limit 
the expected total amount of space used to 0(n). 

We use hash functions chosen from the universal classes of hash functions of 
Section 11.3.3. The first-level hash function comes from the class M pm , where as 
in Section 11.3.3, p is a prime number greater than any key value. Those keys 
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hashing to slot j are re-hashed into a secondary hash table Sj of size nij using a 
hash function hj chosen from the class X Ptm . } 
\Q We shall proceed in two steps. First, we shall determine how to ensure that 
•Sme secondary tables have no collisions. Second, we shall show that the expected 
ariipunt of memory used overall— for the primary hash table and all the secondary 
has^ables— is 0{n). 

TheoSmJ1.9 

Supposenrjat we store n keys in a hash table of size m = n 2 using a hash function h 
randomly enosen from a universal class of hash functions. Then, the probability is 
less than l/lftjjat there are any collisions. 

Proof There a$e> \^) pairs of keys that may collide; each pair collides with prob- 
ability l/m if h is<QnOsen at random from a universal family M of hash functions. 
Let X be a random friable that counts the number of collisions. When m = n 2 , 
the expected number of^cbllisions is 

! 1 • » 

2 <J v 

1/2. 

(This analysis is similar to the analysis o»fJ.he birthday paradox in Section 5.4.1.) 
Applying Markov's inequality (C.30), J^i^> 0 < E [X] /t, with t = 1, com- 
pletes the proof. ^(^) " 

In the situation described in Theorem 1 1.9, wSram = « 2 , it follows that a hash 
function h chosen at random from M is more likely than not to have no collisions. 
Given the set K of n keys to be hashed (remember that K is static), it is thus easy 
to find a collision-free hash function h with a few ranc(om trials. 

When n is large, however, a hash table of size m = '(3 s excessive. Therefore, 
we adopt the two-level hashing approach, and we use the approach of Theorem 11.9 
only to hash the entries within each slot. We use an outer, or first-level, hash 
function h to hash the keys into m = n slots. Then, if Jtj keys hash to slot j , we 
use a secondary hash table Sj of size irij = n 2 to provide collision-free constant- 
time lookup. 



1 When nj = mj = 1, we don't really need a hash function for slot j; when we choose a hash 
function h a },(k) = ((ak + b) mod p) mod ntj for such a slot, we just use a = b = 0. 



< 
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We now turn to the issue of ensuring that the overall memory used is 0(n). 
Since the size nij of the y'fh secondary hash table grows quadratically with the 
•plumber rij of keys stored, we ran the risk that the overall amount of storage could 
tetpexcessive. 

Kjhe first-level table size is m = n, then the amount of memory used is O(n) 
for tjaevmrnary hash table, for the storage of the sizes m.j of the secondary hash 
tables, and for the storage of the parameters aj and bj defining the secondary hash 
functionS/Av drawn from the class M Ptmj of Section 11.3.3 (except when rij = 1 
and we use a*^= b = 0). The following theorem and a corollary provide a bound on 
the expected<xombined sizes of all the secondary hash tables. A second corollary 
bounds the probability that the combined size of all the secondary hash tables is 
superlinear (actuary that it equals or exceeds An). 

Theorem 11.10 

Suppose that we store >^Wys in a hash table of size m — n using a hash function h 
randomly chosen from a Universal class of hash functions. Then, we have 



< In 



where nj is the number of keys hashing to slot j . 



de«tity, 



Proof We start with the following identity, which holds for any nonnegative inte- 



ger a: 



a + 2 



<6 



(11.6) 



We have 



m—l 

£■ 

.1=0 



O 



= E 




1^6 



= E[«] + 2E 



m—l 

E 

J=o 



(by equation (11^6)) 



(by linearity of expectation) 



(by equation (11.1)) 
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= n + 2E 



'm — l / 




(since n is not a random variable) . 



x ^ To evaluate the summation Yl7=o ("2 )' we observe that it is just the total number 
o^ajrs of keys in the hash table that collide. By the properties of universal hashing, 
the x £xpected value of this summation is at most 

(n\% = 



n(n — 1) 



2m 



4^ 



since m 

~m—\ 



. TrrtSs, 



J=o J 



< 



In - 
In . 



6 



Corollary 11.11 

Suppose that we store h keys in a h#£h table of size m = n using a hash func- 
tion h randomly chosen from a unive^s^l class of hash functions, and we set the 
size of each secondary hash table to >n£\ nj for j = 0, 1, . . . , m — 1. Then, 
the expected amount of storage requireai^jll secondary hash tables in a perfect 
hashing scheme is less than 2n . *<^) 

Proof Since m ; = «? for j = 0, 1, . . . ,m — fr^eorem 11.10 gives 



J2 m J 

Lj=o 



= E 



< 



£« 



2n , 

which completes the proof. 



(11.7) 



Corollary 11.12 

Suppose that we store n keys in a hash table of size m = n using a hash function h 
randomly chosen from a universal class of hash functions, and we set the size 
of each secondary hash table to mj = n^ for j = 0, 1, ... ,m — 1. Then, the 
probability is less than 1/2 that the total storage used for secondary hash tables 
equals or exceeds 4n. 
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^> 

Proof Again we apply Markov's inequality (C.30), Pr{X > t} < E [X] ft, this 
, time to inequality (11.7), with X = Yl7=o m i m< ^ 1 = 4«: 

>A \ < E[gg^mj 

m ,■ > An > < 

J ~ 4« 

0 < 4n~ 

0 =1/2. . 

From CoroJ^ry 11.12, we see that if we test a few randomly chosen hash func- 
tions from the ^fHversal family, we will quickly find one that uses a reasonable 
amount of storage. Cy 

O . 

Exercises y>* 
11.5-1 * v > 

Suppose that we insert n ReyjjUnto a hash table of size m using open addressing 
and uniform hashing. Let p(n\in\ be the probability that no collisions occur. Show 
that p(n,m) < e - n ( n ~ l )/ 2m _ See equation (3.12).) Argue that when n ex- 

ceeds sfm, the probability of avoMinjp collisions goes rapidly to zero. 

% 

11-1 Longest-probe bound for hashing ,sr\ 

Suppose that we use an open-addressed hash taps of size m to store n < m/2 
items. 

a. Assuming uniform hashing, show that for i = 1, %, . . . ,n, the probability is at 
most 2~ k that the 2 th insertion requires strictly more(ffi)an k probes. 




b. Show that for i = 1, 2, the probability is 0(1/ /2^|hat the ith insertion 
requires more than 2 lg n probes. 

Let the random variable X t denote the number of probes required by the ith inser- 
tion. You have shown in part (b) that Pr {X t > 21g«} = 0(1/ n 2 ). Let the random 
variable X = maxi<i<,, X t denote the maximum number of probes required by 
any of the n insertions. 

c. Show that Vx{X > 2\gn} = 0(l/n). 



d. Show that the expected length E [X] of the longest probe sequence is 0(lg n). 
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11-2 Slot-size bound for chaining 

Suppose that we have a hash table with n slots, with collisions resolved by chain- 
ing, and suppose that n keys are inserted into the table. Each key is equally likely 
•Sm be hashed to each slot. Let M be the maximum number of keys in any slot after 
11v fhe keys have been inserted. Your mission is to prove an 0(lg n / lg lg n) upper 
on E [M], the expected value of M . 

A^jhe that the probability Qk that exactly k keys hash to a particular slot is 
give^))\ 

Q t - 

b. Let P k be tfiftco bability that M = k, that is, the probability that the slot 
containing the most keys contains k keys. Show that Pk < nQk- 

c. Use Stirling's appropriation, equation (3.18), to show that Qk < e h / k h . 

d. Show that there exist^a^onstant c > 1 such that Q ko < 1/m 3 for k 0 = 
c lg n I lg lg n . Conclude Pk < l/n 2 fork > k 0 = clg«/lglg«. 

e. Argue that • > 

E[M]<PrU>lMU VJm< Clgn] ^ 
( Iglg") Q 

Conclude that E [M] = 0(lg n / lg 
11-3 Quadratic probing 

Suppose that we are given a key k to search @- in a hash table with positions 

0. 1. . . . , m — 1, and suppose that we have a hash lection h mapping the key space 
into the set {0, 1 m — 1}. The search scheme is^s follows: 

1. Compute the value j = h(k), and set i = 0. O" 



lg lg n ) lg lg n 



2. Probe in position j for the desired key k. If you , or if this position is 
empty, terminate the search. 



3. Set i = i + 1. If j now equals m, the table is full, so terminate the search. 
Otherwise, set j = (i + j ) mod /n, and return to step 2. 

Assume that m is a power of 2. 

a. Show that this scheme is an instance of the general "quadratic probing" scheme 
by exhibiting the appropriate constants Ci and c 2 for equation (11.5). 

b. Prove that this algorithm examines every table position in the worst case. 
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11-4 Hashing and authentication 

Let M be a class of hash functions in which each hash function h € 3€ maps the 
•^universe U of keys to {0, 1, . . . ,m — 1}. We say that M is k-universal if, for every 
€»d sequence of k distinct keys x (2 \ . . . , x^) and for any h chosen at 

raircfom from M, the sequence h(x^), . . . ,h(x^)} is equally likely to be 

any of^he m k sequences of length k with elements drawn from {0, 1, . . . , m — 1}. 

a. if the family 3i of hash functions is 2-universal, then it is universal. 

b. Suppose^hat the universe U is the set of n -tuples of values drawn from 
TL P = ...,p — 1}, where p is prime. Consider an element x — 
(x 0 , X\, . . . e U. For any « -tuple a = (a 0 , a\, . . . , a n -\) e U, de- 
fine the hash fnufotion h a by 

n- £ . 

h a (x) = i^^ajX^^pd p . 

Let3€ = {h a }. Showthat<$ is universal, but not 2-universal. (Hint: Find a key 
for which all hash functions^ 31 produce the same value.) 

c. Suppose that we modify 3t sligljtriy from part (b): for any a e U and for any 
b e Ti P , define s ^ 

(n-\ \ O 

Y] <3 7 x y + 6 ) mod /> vP^ 
/ t^. 

and ' = {h' ab }. Argue that 31' is 2-universa|7)(///«f: Consider fixed « -tuples 
x 6 U and }>€(/, with x, ^ for som^l What happens to h' ab (x) 
and h' ab (y) as a, and & range over Z p ?) 

rf. Suppose that Alice and Bob secretly agree on a^h\$h function h from a 
2-universal family of hash functions. Each h € 3( n«W> from a universe of 
keys U toZ p , where p is prime. Later, Alice sends a message m to Bob over the 
Internet, where m e U. She authenticates this message to Bob by also sending 
an authentication tag t = h(m), and Bob checks that the pair (m, t) he receives 
indeed satisfies / = h(m). Suppose that an adversary intercepts (m, t) en route 
and tries to fool Bob by replacing the pair (m, t) with a different pair (m', t'). 
Argue that the probability that the adversary succeeds in fooling Bob into ac- 
cepting (m', t') is at most l/p, no matter how much computing power the ad- 
versary has, and even if the adversary knows the family 3t of hash functions 
used. 
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Chapter.notes 

v Jstnuth [211] and Gonnet [145] are excellent references for the analysis of hash- 
algorithms. Knuth credits H. P. Luhn (1953) for inventing hash tables, along 
witrnhe chaining method for resolving collisions. At about the same time, G. M. 
Amd^J originated the idea of open addressing. 

CartqjK^nd Wegman introduced the notion of universal classes of hash functions 
in 1979 itSjft 

Fredma?uK6ml6s, and Szemeredi [112] developed the perfect hashing scheme 
for static sets^esented in Section 11.5. An extension of their method to dynamic 
sets, handling Kisertions and deletions in amortized expected time 0(1), has been 
given by Dietzferoulger et al. [86]. 



12 • JJinary Search Trees 

V, 

% 

The search tree twta structure supports many dynamic-set operations, including 
Search, Minimum^Maximum, Predecessor, Successor, Insert, and 
Delete. Thus, weranuse a search tree both as a dictionary and as a priority 
queue. ^ x 

Basic operations on a Binary search tree take time proportional to the height of 
the tree. For a complete brnarvtree with n nodes, such operations run in 0(lg«) 
worst-case time. If the tree ikalinear chain of n nodes, however, the same oper- 
ations take 0(n) worst-case time< We shall see in Section 12.4 that the expected 
height of a randomly built binary «eaxeh tree is 0(lg«), so that basic dynamic-set 
operations on such a tree take 0(lgX))time on average. 

In practice, we can't always guarantee that binary search trees are built ran- 
domly, but we can design variations of @iary search trees with good guaranteed 
worst-case performance on basic operatio©-* Chapter 13 presents one such vari- 
ation, red-black trees, which have height O^Vz). Chapter 18 introduces B-trees, 
which are particularly good for maintaining d^t^ases on secondary (disk) storage. 

After presenting the basic properties of binarv^earch trees, the following sec- 
tions show how to walk a binary search tree to prints values in sorted order, how 
to search for a value in a binary search tree, how to nnd the minimum or maximum 
element, how to find the predecessor or successor of an jetement, and how to insert 
into or delete from a binary search tree. The basic mathernatical properties of trees 
appeal - in Appendix B. 



12.1 What is a binary search tree? 



A binary search tree is organized, as the name suggests, in a binary tree, as shown 
in Figure 12.1. We can represent such a tree by a linked data structure in which 
each node is an object. In addition to a key and satellite data, each node contains 
attributes left, right, and p that point to the nodes corresponding to its left child, 
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(b) 



Figure 12.1 Binary anarch trees. For any node x, the keys in the left subtree of x are at most x.key, 
and the keys in the right^sukfree of x are at least x.key. Different binary search trees can represent 
the same set of values. Trte s^rst-case running time for most search-tree operations is proportional 
to the height of the tree, (a) ^ bijiary search tree on 6 nodes with height 2. (b) A less efficient binary 
search tree with height 4 that cvmfejps the same keys. 

its right child, and its parent, ®spectively. If a child or the parent is missing, the 
appropriate attribute contains the value NIL. The root node is the only node in the 
tree whose parent is NIL. . 

The keys in a binary search tree al^always stored in such a way as to satisfy the 
binary-search-tree property: O 

Let x be a node in a binary search^ If y is a node in the left subtree 
of x, then y .key < x.key. If y is a nqcj^in the right subtree of x, then 
y .key > x.key. 



0 * 

Thus, in Figure 12.1(a), the key of the root is 6f^me keys 2, 5, and 5 in its left 
subtree are no larger than 6, and the keys 7 and 8 in its right subtree are no smaller 
than 6. The same property holds for every node in fhe(ffJje. For example, the key 5 
in the root's left child is no smaller than the key 2 in that^de's left subtree and no 
larger than the key 5 in the right subtree. 

The binary-search-tree property allows us to print out atf the keys in a binary 
search tree in sorted order by a simple recursive algorithm, called an inorder tree 
walk. This algorithm is so named because it prints the key of the root of a subtree 
between printing the values in its left subtree and printing those in its right subtree. 
(Similarly, a preorder tree walk prints the root before the values in either subtree, 
and a postorder tree walk prints the root after the values in its subtrees.) To use 
the following procedure to print all the elements in a binary search tree T, we call 
Inorder-Tree-Walk(7>oc>?). 
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Inorder-Tree-Walk (x) 

1 if X ^ NIL 

Inorder-Tree-Walk (x.left) 
^) print x . key 

4 CS) v Inorder-Tree-Walk (x. right) 

V 

As an (Js^mple, the inorder tree walk prints the keys in each of the two binary 
search trsf& from Figure 12.1 in the order 2, 5, 5, 6, 7, 8. The correctness of the 
algorithm inflows by induction directly from the binary-search-tree property. 

It takes Gfut^'time to walk an M-node binary search tree, since after the ini- 
tial call, the procedure calls itself recursively exactly twice for each node in the 
tree— once for its kft child and once for its right child. The following theorem 
gives a formal prooi^at it takes linear time to perform an inorder tree walk. 

Theorem 12.1 ^ x 

If x is the root of an «Cnode subtree, then the call Inorder-Tree-Walk (x) 
takes @(«) time. C^y 

Proof Let T{n) denote the t^e taken by Inorder-Tree-Walk when it is 
called on the root of an n-node subtree. Since Inorder-Tree-Walk visits all n 
nodes of the subtree, we have T(n) ^p(n). It remains to show that T(n) = 0(n). 

Since Inorder-Tree-Walk take^a small, constant amount of time on an 
empty subtree (for the test x ^ NIL), we^ttave T(0) = c for some constant c > 0. 

For n > 0, suppose that Inorder-TrfevWalk is called on a node x whose 
left subtree has k nodes and whose right smwiee has n — k — 1 nodes. The time to 
perform Inorder-Tree-Walk (x) is boundS&Uy T(n) < T{k) + T(n-k-\) + d 
for some constant d > 0 that reflects an upper-oeund on the time to execute the 
body of Inorder-Tree-Walk (x), exclusive orme^ime spent in recursive calls. 

We use the substitution method to show that T\n) = 0(n) by proving that 
T(n) < (c + d)n + c. For n = 0, we have (c + d) ■ 0 *r C = c = T(0). For n > 0, 
we have v * 

T(n) < T(k) + T(n-k-l) + d 

= ((c + d)k + c) + ((c + d)(n-k-l) + c) + 

= (c + d)n + c — (c + d) + c + d 

= (c + d )n + c , 



which completes the proof. 
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Exercises 

>*or the set of {1, 4, 5, 10, 16, 17, 21} of keys, draw binary search trees of heights 2, 
5, and 6. 

What<$ the difference between the binary-search-tree property and the min-heap 
propert^Jsee page 153)? Can the min-heap property be used to print out the keys 
of an n-ntfajt tree in sorted order in 0(n) time? Show how, or explain why not. 

12.1-3 X ^ 

Give a nonrecufsWe algorithm that performs an inorder tree walk. (Hint: An easy 
solution uses a sracii^as an auxiliary data structure. A more complicated, but ele- 
gant, solution uses nc^tack but assumes that we can test two pointers for equality.) 

12.1-4 <\ 

Give recursive algorifhm^Jhat perform preorder and postorder tree walks in @(n) 
time on a tree of n nodes. 

12.1-5 

Argue that since sorting n elem&ms takes £2(nlgw) time in the worst case in 
the comparison model, any compartsaft-based algorithm for constructing a binary 
search tree from an arbitrary list of n ^elements takes Q,(n lg«) time in the worst 
case. 

\ 

12.2 Querying a binary search tree O 

We often need to search for a key stored in a binary search tree. Besides the 
Search operation, binary search trees can support (|uth queries as Minimum, 
Maximum, Successor, and Predecessor. In this@;tion, we shall examine 
these operations and show how to support each one in tkp& 0(h) on any binaiy 
search tree of height h. 



Searching 

We use the following procedure to search for a node with a given key in a binaiy 
search tree. Given a pointer to the root of the tree and a key k, Tree-Search 
returns a pointer to a node with key k if one exists; otherwise, it returns NIL. 
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Figure 12.2 Querie&ofaa binary search tree. To search for the key 13 in the tree, we follow the path 
15 — >- 6 — 7 — 13 frorrptfie root. The minimum key in the tree is 2, which is found by following 
left pointers from the rook Tte^maximum key 20 is found by following right pointers from the root. 
The successor of the node Vfth key 15 is the node with key 17, since it is the minimum key in the 
right subtree of 15. The node^vkh key 13 has no right subtree, and thus its successor is its lowest 
ancestor whose left child is also an* ancestor. In this case, the node with key 15 is its successor. 

Tree-Search (x, k) 0 



x.key 



if x == nil or k 
return x 

if k < x.key 

return TREE-SEARCH(x./e/?, 
else return Tree-Se ARCH (x. right, kjT\ 

The procedure begins its search at the root arftUraces a simple path downward in 
the tree, as shown in Figure 12.2. For each noae^t it encounters, it compares the 
key k with x.key. If the two keys are equal, the scap^h terminates. If k is smaller 
than x.key, the search continues in the left subtreex>f x, since the binary-search- 
tree property implies that k could not be stored in the right subtree. Symmetrically, 
if k is larger than x.key, the search continues in the light subtree. The nodes 
encountered during the recursion form a simple path downward from the root of 
the tree, and thus the running time of Tree- Search is 0(hxpthere h is the height 
of the tree. 

We can rewrite this procedure in an iterative fashion by "unrolling" the recursion 
into a while loop. On most computers, the iterative version is more efficient. 
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Iterative-Tree-Search (x,k) 
1 while x ^ NIL and k ^ x.key 



if k< x.key 
^ x = x.left 



4^) v else x = x. right 
5 'dmurn x 

Minimumjmd maximum 

We can alwtfysjind an element in a binary search tree whose key is a minimum by 
following left enild pointers from the root until we encounter a NIL, as shown in 
Figure 12.2. The^foUowing procedure returns a pointer to the minimum element in 
the subtree rooted &t a ejven node x, which we assume to be non-NlL: 



Tree-Minimum (x) (*\ 

1 while x . left ^ nil V*v 

2 x = x.left \ 

3 return x 



The binary-search-tree property grantees that Tree-Minimum is correct. If a 
node x has no left subtree, then sincaWery key in the right subtree of x is at least as 
large as x.key, the minimum key in tn^§)Libtree rooted at x is x.key. If node x has 
a left subtree, then since no key in the rigfiteubtree is smaller than x.key and every 
key in the left subtree is not larger than^^ey, the minimum key in the subtree 
rooted at x resides in the subtree rooted at x,' 4 



The pseudocode for Tree-Maximum is symmetric: 

Tree-Maximum (x) v 

1 while x. right ^ NIL * ^ 

2 x = x. right ^ 

3 return x 



Both of these procedures run in 0(h) time on a tree of height h since, as in Tree- 
Search, the sequence of nodes encountered forms a simple path downward from 
the root. 



Successor and predecessor 

Given a node in a binary search tree, sometimes we need to find its successor in 
the sorted order determined by an inorder tree walk. If all keys are distinct, the 
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successor of a node x is the node with the smallest key greater than x.key. The 
structure of a binary search tree allows us to determine the successor of a node 
•^without ever comparing keys. The following procedure returns the successor of a 
ndjjle x in a binary search tree if it exists, and NIL if x has the largest key in the 

TREE*^CCESSOR(x) 

1 ifx.r^f^NlL 

2 retpfp Tree-Minimum (x . right) 

3 y = x.pi, 



^4 



4 while y and x == y. right 

5 x = y S 

6 y = y.p^x 

7 return y \* 

We break the code fo^TREE-SucCESSOR into two cases. If the right subtree 
of node x is nonempty, thf^the successor of x is just the leftmost node in x's 
right subtree, which we findCyi line 2 by calling Tree-Minimum (x. right). For 
example, the successor of the (jjarle with key 15 in Figure 12.2 is the node with 
key 17. . v 

On the other hand, as Exercise asks you to show, if the right subtree of 

node x is empty and x has a successor^ 1 ; then y is the lowest ancestor of x whose 
left child is also an ancestor of x. In Fi^re 12.2, the successor of the node with 
key 13 is the node with key 15. To find y, WtJ^imply go up the tree from x until we 
encounter a node that is the left child of it^p^jit; lines 3-7 of Tree-Successor 
handle this case. 




The running time of Tree-Successor on a»ee of height h is 0(h), since we 
either follow a simple path up the tree or follow a simple path down the tree. The 
procedure Tree-Predecessor, which is symmetric to Tree-Successor, also 
runs in time 0(h). * _ 

Even if keys are not distinct, we define the successor and predecessor of any 
node x as the node returned by calls made to TREE-SuO€fjSSOR(x) and Tree- 
Predecessor(x), respectively. 

In summary, we have proved the following theorem. 

Theorem 12.2 

We can implement the dynamic-set operations Search, Minimum, Maximum, 
Successor, and Predecessor so that each one runs in 0(h) time on a binary 
search tree of height h. ■ 
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Exercises 



12.2-1 



Suppose that we have numbers between 1 and 1000 in a binary search tree, and we 
it to search for the number 363. Which of the following sequences could not be 
thdTWquence of nodes examined? 



a. 1A 



,&^2, 401, 398, 330, 344, 397, 363. 

b. 924j$E0, 911, 244, 898, 258, 362, 363. 

c. 925, 202| 911,240, 912, 245, 363. 



d. 2, 399, 38^19, 266, 382, 381, 278, 363. 

e. 935, 278, 34t$^l, 299, 392, 358, 363. 

12.2-2 y>' 

Write recursive versiori^of Tree-Minimum and Tree-Maximum. 

12.2-3 ^\ 

Write the Tree-PredecesS0R* procedure. 



12.2-4 *2 

Professor Bunyan thinks he has discovered a remarkable property of binary search 
trees. Suppose that the search for kfcy k in a binary search tree ends up in a leaf. 
Consider three sets: A, the keys to fh^jift of the search path; B, the keys on the 
search path; and C, the keys to the rigjjf)of the search path. Professor Bunyan 
claims that any three keys a e A, b e B, atj^c e C must satisfy a <b < c. Give 
a smallest possible counterexample to the pijC^sor's claim. 

12.2-5 

Show that if a node in a binary search tree has two children, then its successor has 
no left child and its predecessor has no right child. * ^->^ 

12.2-6 0> 

Consider a binary search tree T whose keys are distinct, ^how that if the right 
subtree of a node x in T is empty and x has a successor y, then y is the lowest 
ancestor of x whose left child is also an ancestor of x. (Recall that every node is 
its own ancestor.) 

12.2-7 

An alternative method of performing an inorder tree walk of an n-node binary 
search tree finds the minimum element in the tree by calling Tree-Minimum and 
then making n — 1 calls to TREE-SUCCESSOR. Prove that this algorithm runs 
in 0(«) time. 



294 Chapter 12 Binary Search Trees 

^ 12.2-8 

, Prove that no matter what node we start at in a height-/z binary search tree, k 
^successive calls to TREE-SUCCESSOR take 0(k + h) time. 



a binary search tree whose keys are distinct, let x be a leaf node, and let y 
be itsvfment. Show that y .key is either the smallest key in T larger than x.key or 
the largBf^key in T smaller than x . key. 

^ 

12.3 Insertion and deletiefi) 

The operations of insertion and deletion cause the dynamic set represented by a 
binary search tree to e^nge. The data structure must be modified to reflect this 
change, but in such a w^that the binary-search-tree property continues to hold. 
As we shall see, modifying^he tree to insert a new element is relatively straight- 
forward, but handling deletion^ somewhat more intricate. 

Insertion % 

To insert a new value v into a binar^^e^rch tree T, we use the procedure Tree- 
Insert. The procedure takes a node z for which z.key = v, z.left = NIL, 
and z. right = NIL. It modifies T and some of the attributes of z in such a way that 
it inserts z into an appropriate position in-^^tree. 

Tree-Insert (T, z) >cO 

1 y = nil Op. 

2 x = T.root C 

3 while x ^ nil • 

4 y = x Q 

5 if z.key < x.key Q 

6 x = x.left \\ 

7 else x = x. right 

8 z.p = y 

9 if y == NIL 

10 T.root = z II tree T was empty 

1 1 elseif z . key < y . key 

12 y.left = z. 

13 else y. right = z 
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Figure 12.3 Inserting an item with key 13 into a binary search tree. Lightly shaded nodes indicate 
the simple path fpwn the root down to the position where the item is inserted. The dashed line 
indicates the link \a\he tree that is added to insert the item. 

Figure 12.3 shows how Tree-Insert works. Just like the procedures Tree- 
Search and Itera^e.-Tree-Search, Tree-Insert begins at the root of the 
tree and the pointer x traces a simple path downward looking for a NIL to replace 
with the input item z. ThejJrocedure maintains the trailing pointer y as the parent 
of x. After initialization, t^S while loop in lines 3-7 causes these two pointers 
to move down the tree, going^ft or right depending on the comparison of z . key 
with x.key, until x becomes Nll^ This NIL occupies the position where we wish to 
place the input item z. We need th^yailing pointer y, because by the time we find 
the NIL where z belongs, the searcrTh^s proceeded one step beyond the node that 
needs to be changed. Lines 8-13 set the^pointers that cause z to be inserted. 

Like the other primitive operations on search trees, the procedure Tree-Insert 
runs in 0(h) time on a tree of height ^-^^^ 

Deletion "^^O 

The overall strategy for deleting a node z from binary search tree T has three 
basic cases but, as we shall see, one of the cases is a»bit tricky. 

o 

• If z has no children, then we simply remove it by nro^iifying its parent to re- 
place z with NIL as its child. ^> 

• If z has just one child, then we elevate that child to take z 's position in the tree 
by modifying z's parent to replace z by z's child. 

• If z has two children, then we find z's successor y— which must be in z's right 
subtree— and have y take z's position in the tree. The rest of z's original right 
subtree becomes y's new right subtree, and z's left subtree becomes j's new 
left subtree. This case is the tricky one because, as we shall see, it matters 
whether y is z 's right child. 
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The procedure for deleting a given node z from a binary search tree T takes as 
arguments pointers to T and z. It organizes its cases a bit differently from the three 
•^bases outlined previously by considering the four cases shown in Figure 12.4. 

If z has no left child (part (a) of the figure), then we replace z by its right child, 
^mk;h may or may not be NIL. When z's right child is NIL, this case deals with 
th^mtuation in which z has no children. When z's right child is non-NlL, this 
caseJrandles the situation in which z has just one child, which is its right child. 

• If z hasiust one child, which is its left child (part (b) of the figure), then we 
replace z^o^^s left child. 

• Otherwise, g^ms both a left and a right child. We find z's successor y, which 
lies in z's right subtree and has no left child (see Exercise 12.2-5). We want to 
splice y out of lts^&yrrent location and have it replace z in the tree. 

• If y is z's right\^i]d (part (c)), then we replace z by y, leaving y's right 
child alone. \ 

• Otherwise, y lies wffeiuy's right subtree but is not z's right child (pail (d)). 
In this case, we first replace y by its own right child, and then we replace z 
by y. 0 

In order to move subtrees arouaeKwifhin the binary search tree, we define a 
subroutine TRANSPLANT, which replaces one subtree as a child of its parent with 
another subtree. When TRANSPLANTrppJaces the subtree rooted at node u with 
the subtree rooted at node v, node w's p^ent becomes node v's parent, and w's 
parent ends up having v as its appropriatev 




Transplant (T, u, v) 

1 if u.p == NIL 

2 T.root = v 

3 elseif u == u.p. left 

4 u.p. left = v 

5 else u.p. right = v 

6 if v ^ nil 

7 v.p = u.p 



<6 



Lines 1-2 handle the case in which u is the root of T. Otherwise, u is either a left 
child or a right child of its parent. Lines 3^1 take care of updating u.p. left if u 
is a left child, and line 5 updates u.p. right if u is a right child. We allow v to be 
NIL, and lines 6-7 update v.p if v is non-NlL. Note that TRANSPLANT does not 
attempt to update v. left and v. right; doing so, or not doing so, is the responsibility 
of Transplant's caller. 




Figure 12.4 Deleting a node z from a binary search tree. Node z may be the root, a left child of 
node q, or a right child of q. (a) Node z has no left child. We replace z by its right child r, which 
may or may not be NIL. (b) Node z has a left child / but no right child. We replace z by /. (c) Node z 
has two children; its left child is node /, its right child is its successor y, and y's right child is node x. 
We replace z by y, updating y's left child to become /, but leaving x as y's right child, (d) Node z 
has two children (left child / and right child r), and its successor y ^ r lies within the subtree rooted 
at r. We replace y by its own right child x, and we set y to be r's parent. Then, we set y to be q's 
child and the parent of / . 
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With the Transplant procedure in hand, here is the procedure that deletes 
node z from binary search tree T: 

gP^EE-DELETE(r,z) 
lQpfz.left== NIL 

2 O Transplant (T, z,z- right) 

3 z. right == NIL 

4 (^R AN S PL ANT (7, Z,Z.left) 

5 else jv^ Tree-Minimum (z . right) 

6 tf 36>#z 

7 Transplant^, j, y. right) 

8 J-^^f = z.right 

9 y-rig1it>$ = y 

10 Transplant^, 

11 y.left = zMx 

12 J./e/tP = y C . 

The Tree-Delete procedure executes the four cases as follows. Lines 1-2 
handle the case in which node l^as no left child, and lines 2>-A handle the case in 
which z has a left child but no rigbt child. Lines 5-12 deal with the remaining two 
cases, in which z has two childreift(J)ine 5 finds node y, which is the successor 
of z. Because z has a nonempty righL-Subtree, its successor must be the node in 
that subtree with the smallest key; hence^e call to Tree-Minimum {z.right). As 
we noted before, y has no left child. We w^fftto splice y out of its current location, 
and it should replace z in the tree. If y is ^s!^ht child, then lines 10-12 replace z 
as a child of its parent by y and replace y'sl^ft child by z's left child. If y is 
not z 's left child, lines 7-9 replace y as a child o>its parent by y 's right child and 
turn z's right child into y's right child, and then lmeSKjO-12 replace z as a child of 
its parent by y and replace y 's left child by z 's left child. 

Each line of Tree-Delete, including the calls to Transplant, takes constant 
time, except for the call to Tree-Minimum in line 5. T4ms, Tree-Delete runs 
in 0(h) time on a tree of height h. 

In summary, we have proved the following theorem. 



Theorem 12.3 

We can implement the dynamic-set operations Insert and Delete so that each 
one runs in 0(h) time on a binary search tree of height h. m 
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Exercises 
'^12.3-1 

^^vive a recursive version of the Tree-Insert procedure. 

Suppose that we construct a binary search tree by repeatedly inserting distinct val- 
ues l the tree. Argue that the number of nodes examined in searching for a 
value ii^he tree is one plus the number of nodes examined when the value was 
first inserted into the tree. 

V 

12.3-3 

We can sort a $ye« set of n numbers by first building a binary search tree contain- 
ing these numbers tosing Tree-Insert repeatedly to insert the numbers one by 
one) and then printingvthe numbers by an inorder tree walk. What are the worst- 
case and best-case runnj^g times for this sorting algorithm? 

12.3-4 <J> 

Is the operation of deletion(^commutative" in the sense that deleting x and then y 
from a binary search tree leav^£)the same tree as deleting y and then x? Argue why 
it is or give a counterexample. . 

12.3-5 y^> 

Suppose that instead of each node \ ^keeping the attribute x.p, pointing to jc's 
parent, it keeps x.succ, pointing to x's-^jiccessor. Give pseudocode for Search, 
Insert, and Delete on a binary searsxMiee T using this representation. These 
procedures should operate in time 0(h), where /z is the height of the tree T. (Hint: 
You may wish to implement a subroutine th^fejurns the parent of a node.) 

12.3-6 

When node z in Tree-Delete has two children, we could choose node y as 
its predecessor rather than its successor. What ofhei^phanges to Tree-Delete 
would be necessary if we did so? Some have argued ^t a fair strategy, giving 
equal priority to predecessor and successor, yields betteM^npirical performance. 
How might Tree-Delete be changed to implement such aiair strategy? 



★ 12.4 Randomly built binary search trees 



We have shown that each of the basic operations on a binary search tree runs 
in 0(h) time, where h is the height of the tree. The height of a binary search 
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tree varies, however, as items are inserted and deleted. If, for example, the n items 
are inserted in strictly increasing order, the tree will be a chain with height n — 1. 
\jK)n the other hand, Exercise B.5-4 shows that h > \\gn\. As with quicksort, we 
«!ifj show that the behavior of the average case is much closer to the best case than 
to ^kfo worst case. 

IJ^rartunately, little is known about the average height of a binary search tree 
when y b«rth insertion and deletion are used to create it. When the tree is created 
by insertion alone, the analysis becomes more tractable. Let us therefore define a 
randomly-malt binary search tree on n keys as one that arises from inserting the 
keys in randsmprder into an initially empty tree, where each of the n ! permutations 
of the input keysjs equally likely. (Exercise 12.4-3 asks you to show that this notion 
is different from assuming that every binary search tree on n keys is equally likely.) 
In this section, we^sha^l prove the following theorem. 

Theorem 12.4 \* 

The expected height of ((randomly built binary search tree on n distinct keys is 
0(lg«). <J> 

Proof We start by defining thfSte random variables that help measure the height 
of a randomly built binary search^tree. We denote the height of a randomly built 
binary search on n keys by X n , and^e define the exponential height Y n = 2 X " . 
When we build a binary search tree on^ keys, we choose one key as that of the 
root, and we let R n denote the random variable that holds this key's rank within 
the set of n keys; that is, R„ holds the position that this key would occupy if the 
set of keys were sorted. The value of R n is^mually likely to be any element of the 
set {1, 2, . . . , n}. If R„ = i, then the left suoteee of the root is a randomly built 
binary search tree on i — 1 keys, and the rigrn^subtree is a randomly built binary 
search tree on. n — i keys. Because the height oKa'binary tree is 1 more than the 
larger of the heights of the two subtrees of the row, the exponential height of a 
binary tree is twice the larger of the exponential heights of the two subtrees of the 
root. If we know that R n = i , it follows that ^ 

Y„ =2-max(F,_ 1 ,r„_,). 

As base cases, we have that Y Y = 1 , because the exponential height of a tree with 1 
node is 2° = 1 and, for convenience, we define Y 0 = 0. 

Next, define indicator random variables Z„ ;1 , Z„ ;2 , . . . , Z n>n , where 

Z„j = I{R n = i} ■ 

Because R n is equally likely to be any element of {1,2, . . . ,«}, it follows that 
Pr {R„ = i} = 1/wforz = 1, 2, ... ,n, and hence, by Lemma 5.1, we have 

E [Z„, ; ] = l/n , (12.1) 
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for i = 1,2, ... ,n. Because exactly one value of Z n j is 1 and all others are 0, we 
also have 

tj\ n 

V" = E Z nJ ( 2 ■ ^{Yi-uYn-i)) . 

We\snall show that E[Y n ] is polynomial in n, which will ultimately imply that 
E[Xj&= OQgn). 

We d((S5m that the indicator random variable Z„ j = l{R n = /} is independent 
of the vaftjgfc of 7_i and 7„_j. Having chosen R n = i, the left subtree (whose 
exponentiah^reight is Yj-i) is randomly built on the i — 1 keys whose ranks are 
less than i . T<fi|fc subtree is just like any other randomly built binary search tree 
on / — 1 keys, l^tier than the number of keys it contains, this subtree's structure 
is not affected at ^by the choice of R n = i, and hence the random variables 
Yi-i and Z n j are independent. Likewise, the right subtree, whose exponential 
height is 7„_j, is ranaoidty built on the n — i keys whose ranks are greater than /. 
Its structure is independent of the value of R„, and so the random variables 7„_, 
and Z n j are independent/'lWice, we have 

J2z n ,,(2-max(Yy,Y n _ i )) 



E[Y n ] 



.1 = 1 



= E [Z„ i (2 ■ max(7,_£, £._,•))] (by linearity of expectation) 
= /_] E [Z n {] E [2 • max(7,_! , Y%§} )] (by independence) 

» i o 

= ^ - ■ E [2 ■ max(7,_!, 7„_,)] #y equation (12.1)) 
= ^^E[max(7,_ 1 ,7„_ i )] (by e^tion (C.22)) 



i=l 



2 



< - V*(E [y,_i] + E [7„_,]) (by Exercise C.3-4) 



n 

i=l 



Since each term E [7 0 ] , E [7J , . . . , E [7„_i] appears twice in the last summation, 
once as E [7/_i] and once as E [7„_,], we have the recurrence 



4 "- 1 



E[7„] < -Te[Y,] . (12.2) 



n 

i=0 
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Using the substitution method, we shall show that for all positive integers n, the 
recurrence (12.2) has the solution 




In doing so, we shall use the identity 

(12.3) 




(Exercise 12.4^1 'asks you to prove this identity.) 

For the base ^es, we note that the bounds 0 = Y 0 = E [Y 0 ] < (1/4) Q = 1 /4 
and 1 = Yi = EM< (l/4)( 1 ^ 3 ) = 1 hold. For the inductive case, we have that 

.. ? 

Eft] 



(by the inductive hypothesis) 

\ 

(by equa©n (12.3)) 

\ 

\ 

We have bounded E [Y„], but our ultimate goal is to bomkj E [X n ]. As Exer- 
cise 12.4-4 asks you to show, the function f(x) = 2 X is convex (see page 1199). 
Therefore, we can employ Jensen's inequality (C.26), which says that 

2 E I*«] < e[2 x "] 

= E[Y H ] , 

as follows: 

2 E[X„] < l _( n + A 
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^ 1 (n + 3)(n + 2)(n + 1) 

4' 6 
« 3 + 6« 2 + lln + 6 

V N " 24 ' 

T^jmjg logarithms of both sides gives E [X„] = 0(lg n). ■ 

Exer^es 

12.4-1 \A 

Prove equ3ti^ii'(12.3). 

i2.4-2 ^ 

Describe a binary search tree on n nodes such that the average depth of a node in 
the tree is 0(lg«)<&ut the height of the tree is a>(lgw). Give an asymptotic upper 
bound on the height an «-node binary search tree in which the average depth of 
a node is 0(lg n). \^ 

12.4-3 Y< 

Show that the notion of a randomly chosen binary search tree on n keys, where 
each binary search tree of n keys is equally likely to be chosen, is different from 
the notion of a randomly built binary search tree given in this section. (Hint: List 
the possibilities when n = 3.) \^ 

12.4-4 O 

Show that the function fix) = 2 X is comm.. 

12.4-5 ★ ^ 

Consider RANDOMlZED-QuiCKSORT operatir^ppn a sequence of n distinct input 
numbers. Prove that for any constant k > 0, aJKbut 0(1/ n k ) of the n! input 
permutations yield an 0(n lg n) running time. 

\ 

Problems V? 
12-1 Binary search trees with equal keys 

Equal keys pose a problem for the implementation of binary search trees. 

a. What is the asymptotic performance of Tree-Insert when used to insert n 
items with identical keys into an initially empty binary search tree? 



We propose to improve Tree-Insert by testing before line 5 to determine whether 
Z.key — x.key and by testing before line 11 to determine whether z.key = y.key. 
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If equality holds, we implement one of the following strategies. For each strategy, 
find the asymptotic performance of inserting n items with identical keys into an 
•^frikially empty binary search tree. (The strategies are described for line 5, in which 
*tfe) compare the keys of z and x. Substitute y for x to arrive at the strategies for 




leaa boolean flag x.b at node x, and set x to either x.left or x. right based 
on mevalue of x.b, which alternates between FALSE and TRUE each time we 
visit ;*\^h_ile inserting a node with the same key as x. 

c. Keep a list^m nodes with equal keys at x, and insert z into the list. 

d. Randomly set jrto either x . left or x . right. (Give the worst-case performance 
and informally ae^fye the expected running time.) 

V>' 

12-2 Radix trees ^\ 

Given two strings a = aoaA^ . a p and b = b 0 bi . . . b q , where each a, and each bj 
is in some ordered set of cffir^ters, we say that string a is lexicographically less 
than string b if either ^ ^ 

1. there exists an integer j , whei£ 0 .< j < mm{p,q), such that o, = b t for all 
i = 0, 1, . . . , j — 1 and a, < btfot 

2. p < q and a, = bi for all i = 0, IV— > P- 

For example, if a and b are bit strings/~0rcai 10100 < 10110 by rule 1 (letting 
j = 3) and 10100 < 101000 by rule 2. MTik ordering is similar to that used in 
English-language dictionaries. Jf\ 

The radix tree data structure shown in Fig\ire^i2.5 stores the bit strings 1011, 
10, 011, 100, and 0. When searching for a key H-^f «o«i ■ ■ .a P , we go left at a 
node of depth i if a, = 0 and right if a, = 1. Let S- be a set of distinct bit strings 
whose lengths sum to n. Show how to use a radix treft to sort S lexicographically 
in 0(«) time. For the example in Figure 12.5, the outpi(tof the sort should be the 
sequence 0, 011, 10, 100, 1011. O, 

12-3 Average node depth in a randomly built binary search tree 
In this problem, we prove that the average depth of a node in a randomly built 
binary search tree with n nodes is 0(\gn). Although this result is weaker than 
that of Theorem 12.4, the technique we shall use reveals a surprising similarity 
between the building of a binary search tree and the execution of Randomized- 
QuiCKSORT from Section 7.3. 

We define the total path length P(T) of a binary tree T as the sum, over all 
nodes x in T, of the depth of node x, which we denote by d(x, T). 
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Figure 12.5 A radiWree storing the bit strings 1011, 10,011, 100, and 0. We can determine each 
node's key by traversimMhe simple path from the root to that node. There is no need, therefore, to 
store the keys in the nVides' Jhe keys appear here for illustrative purposes only. Nodes are heavily 
shaded if the keys corresponding to them are not in the tree; such nodes are present only to establish 
a path to other nodes. (\ 

a. Argue that the average depth of a node in T is 

i_ i <s> 

-Td(x,T) = -P(T) . . . 



xeT 



Thus, we wish to show that the expeote^Lvalue of P(T) is 0(n lgn). 



b. Let T L and T R denote the left and rigjij)«ubtrees of tree T , respectively. Argue 
that if T has n nodes, then t 

P{T) = P{T L ) + P{T R ) + n-\. 

c. Let P(n) denote the average total path length randomly built binary search 
tree with n nodes. Show that • 

o 

i n_1 o 

Pin) = - £(P(0 + P(n -'*-!) + " - 1) ■ <X 

d. Show how to rewrite P(n) as 



P(n) = -Y P(k) + &(n) 



k=\ 



e. Recalling the alternative analysis of the randomized version of quicksort given 
in Problem 7-3, conclude that P{n) = 0(n Ign). 
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At each recursive invocation of quicksort, we choose a random pivot element to 
partition the set of elements being sorted. Each node of a binary search tree parti- 
tions the set of elements that fall into the subtree rooted at that node. 

_/ylQescribe an implementation of quicksort in which the comparisons to sort a set 
(jf^ements are exactly the same as the comparisons to insert the elements into 
a Moary search tree. (The order in which comparisons are made may differ, but 
the same comparisons must occur.) 

12-4 Num&enof different binary trees 

Let b„ denote\hanumber of different binary trees with n nodes. In this problem, 
you will find a iGKmula for b„ , as well as an asymptotic estimate. 

a. Show that bo = that, for n > 1, 

b n = l^bkbn-i-k . K > 
k=o 

b. Referring to Problem 4-4 f<^he definition of a generating function, let B(x) 
be the generating function • » 

Show that B(x) = xB(x) 2 + 1, and hertfgVme way to express B{x) in closed 
form is 

1 °x 

B( X ) = -(i-vr^) . c 

The Taylor expansion of f(x) around the point x = a ^Tgiven by 

, ^ f {k) (a) ( . k 9^ 
f(x) = J_ / L ^—( x - a )> V 

k=0 

where f^(x) is the kth derivative of / evaluated at x. 

c. Show that 

*• - 4rh 

n + 1 \ n I 
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4\ i 

(the nth Catalan number) by using the Taylor expansion of Vl — 4x around 

• x = 0. (If you wish, instead of using the Taylor expansion, you may use 

the generalization of the binomial expansion (C.4) to nonintegral exponents n, 

■<\ where for any real number n and for any integer k, we interpret (^) to be 

ojyiln — 1) • • • (n — k + l)/fc! if k > 0, and 0 otherwise.) 

that 



^ <1 + 0(1/ " )) 



Chapter notes 



Knuth [211] containsXgood discussion of simple binary search trees as well as 
many variations. Binarv^earch trees seem to have been independently discovered 
by a number of people in .the late 1950s. Radix trees are often called "tries," which 
comes from the middle lefte*£ in the word retrieval. Knuth [211] also discusses 
them. ^ ^ 

Many texts, including the nrst two editions of this book, have a somewhat sim- 
pler method of deleting a node from^a binary search tree when both of its children 
are present. Instead of replacing node\2 by its successor y, we delete node y but 
copy its key and satellite data into nwie Z- The downside of this approach is that 
the node actually deleted might not beQe node passed to the delete procedure. If 
other components of a program maintari^einters to nodes in the tree, they could 
mistakenly end up with "stale" pointers to tj^Vtes that have been deleted. Although 
the deletion method presented in this edition<(t£]jhis book is a bit more complicated, 
it guarantees that a call to delete node z deletes@de z and only node z. 

Section 15.5 will show how to construct an q^mal binary search tree when 
we know the search frequencies before constructii^g the tree. That is, given the 
frequencies of searching for each key and the frequencies of searching for values 
that fall between keys in the tree, we construct a binaw^earch tree for which a 
set of searches that follows these frequencies examines Tj^minimum number of 
nodes. < 

The proof in Section 12.4 that bounds the expected height of a randomly built 
binary search tree is due to Aslam [24]. Martinez and Roura [243] give randomized 
algorithms for insertion into and deletion from binary search trees in which the 
result of either operation is a random binary search tree. Their definition of a 
random binary search tree differs— only slightly— from that of a randomly built 
binary search tree in this chapter, however. 
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Chapter 12 showedrthat a binary search tree of height h can support any of the basic 
dynamic-set operano^— such as Search, Predecessor, Successor, Mini- 
mum, Maximum, Insert, and Delete— in 0(h) time. Thus, the set operations 
are fast if the height ofMlwsearch tree is small. If its height is large, however, the 
set operations may run no faster than with a linked list. Red-black trees are one 
of many search-tree schemSs^hat are "balanced" in order to guarantee that basic 
dynamic-set operations take &(^n) time in the worst case. 



A red-black tree is a binary search tree wfth. one extra bit of storage per node: its 
color, which can be either RED or BLAdCv-By-constraining the node colors on any 
simple path from the root to a leaf, red-black\?egs ensure that no such path is more 
than twice as long as any other, so that the trei^s/anproximately balanced. 

Each node of the tree now contains the attributbsJcnlor , key, left, right, and p. If 
a child or the parent of a node does not exist, the £prresponding pointer attribute 
of the node contains the value NIL. We shall regard th«se nils as being pointers to 
leaves (external nodes) of the binary search tree and the (jofrnal, key-bearing nodes 
as being internal nodes of the tree. Q 

A red-black tree is a binary tree that satisfies the following/)^/-MacA; properties: 

1 . Every node is either red or black. 

2. The root is black. 

3. Every leaf (NIL) is black. 

4. If a node is red, then both its children are black. 
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5. For each node, all simple paths from the node to descendant leaves contain the 
same number of black nodes. 
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Figure 13.1(a) shows an example of a red-black tree. 

As a matter of convenience in dealing with boundary conditions in red-black 
^\ tree code, we use a single sentinel to represent NIL (see page 238). For a red-black 
y^raee T, the sentinel T.nil is an object with the same attributes as an ordinary node 
mOjhe tree. Its color attribute is BLACK, and its other attributes—/), left, right, 
aK(ykey— can take on arbitrary values. As Figure 13.1(b) shows, all pointers to NIL 
are replaced by pointers to the sentinel T. nil. 

WeNi^&the sentinel so that we can treat a NIL child of a node x as an ordinary 
node wnope. parent is x. Although we instead could add a distinct sentinel node 
for each N4L in the tree, so that the parent of each NIL is well defined, that ap- 
proach wouM waste space. Instead, we use the one sentinel T. nil to represent all 
the nils— all leaves and the root's parent. The values of the attributes p, left, right, 
and key of the serainel are immaterial, although we may set them during the course 
of a procedure for «ur cpnvenience. 

We generally confi^fe nur interest to the internal nodes of a red-black tree, since 
they hold the key valueC In the remainder of this chapter, we omit the leaves when 
we draw red-black trees, ^shown in Figure 13.1(c). 

We call the number of blj(ck nodes on any simple path from, but not including, a 
node x down to a leaf the bla^height of the node, denoted bh(x). By property 5, 
the notion of black-height is wejl defined, since all descending simple paths from 
the node have the same number qrfjplack nodes. We define the black-height of a 
red-black tree to be the black-height^^its root. 

The following lemma shows why red^plack trees make good search trees. 

Lemma 13.1 

Proof We stait by showing that the subtree ro Qd ,at any node x contains at least 
2bh(x) _ j internal nodes. We prove this claim byvinduction on the height of x. If 
the height of x is 0, then x must be a leaf (T. nil), and* the subtree rooted at x indeed 
contains at least 2 bhW — 1 = 2° — 1 = 0 internal ndl^s. For the inductive step, 
consider a node x that has positive height and is an interr@node with two children. 
Each child has a black-height of either bh(x) or bh(jc) — l^epending on whether 
its color is red or black, respectively. Since the height of a child of x is less than 
the height of x itself, we can apply the inductive hypothesis to conclude that each 
child has at least 2 bh(x)_1 — 1 internal nodes. Thus, the subtree rooted at x contains 
at least ^M" 1 - 1) + (2^~ l - 1) + 1 = 2 bh(x) - 1 internal nodes, which proves 
the claim. 

To complete the proof of the lemma, let h be the height of the tree. According 
to property 4, at least half the nodes on any simple path from the root to a leaf, not 



A red-black tree with n internal nodes hasl^jght at most 21g(« + 1). 




Figure 13.1 A red-black tree with black nodes darkened and red nodes shaded. Every node in a 
red-black tree is either red or black, the children of a red node are both black, and every simple path 
from a node to a descendant leaf contains the same number of black nodes, (a) Every leaf, shown 
as a NIL, is black. Each non-NIL node is marked with its black-height; NILS have black-height 0. 
(b) The same red-black tree but with each NIL replaced by the single sentinel T. nil, which is always 
black, and with black-heights omitted. The root's parent is also the sentinel, (c) The same red-black 
tree but with leaves and the root's parent omitted entirely. We shall use this drawing style in the 
remainder of this chapter. 
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including the root, must be black. Consequently, the black-height of the root must 
be at least h/2; thus, 

> 2* /2 - 1 . 

Irving the 1 to the left-hand side and taking logarithms on both sides yields 
Igffpr 1) > h/2, or h < 21g(« + 1). ■ 

As aoroimediate consequence of this lemma, we can implement the dynamic-set 
operation^ e arch, Minimum, Maximum, Successor, and Predecessor 
in (^(lgw^rae on red-black trees, since each can run in 0(h) time on a binary 
search tree of height h (as shown in Chapter 12) and any red-black tree on n nodes 
is a binary seatcrutree with height 0(\gn). (Of course, references to NIL in the 
algorithms of Chapter 12 would have to be replaced by T.nil.) Although the al- 
gorithms Tree-Insert, and Tree-Delete from Chapter 12 run in 0(\gn) time 
when given a red-bla^k tree as input, they do not directly support the dynamic-set 
operations INSERT andCjDELETE, since they do not guarantee that the modified bi- 
nary search tree will be ^pedrblack tree. We shall see in Sections 13.3 and 13.4, 
however, how to support th^se two operations in 0(lg n) time. 

Exercises • > 

13.1-1 ^ 

In the style of Figure 13.1(a), draw tn^^mplete binary search tree of height 3 on 
the keys {1, 2, . . . , 15}. Add the NIL lea#eg and color the nodes in three different 



ways such that the black-heights of the resujtuig red-black trees are 2, 3, and 4. 
13.1-2 

Draw the red-black tree that results after Tre©Insert is called on the tree in 
Figure 13.1 with key 36. If the inserted node is colored red, is the resulting tree a 
red-black tree? What if it is colored black? • 

o 

13.1-3 Q 

Let us define a relaxed red-black tree as a binary searc^tree that satisfies red- 
black properties 1, 3, 4, and 5. In other words, the root mayoe either red or black. 
Consider a relaxed red-black tree T whose root is red. If we color the root of T 
black but make no other changes to T, is the resulting tree a red-black tree? 

13.1-4 

Suppose that we "absorb" every red node in a red-black tree into its black parent, 
so that the children of the red node become children of the black parent. (Ignore 
what happens to the keys.) What are the possible degrees of a black node after all 
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^> 

its red children are absorbed? What can you say about the depths of the leaves of 
, the resulting tree? 

that the longest simple path from a node x in a red-black tree to a descendant 
length at most twice that of the shortest simple path from node x to a 
descetf^Unt leaf. 

13.1-6 0 

What is the y ffigest possible number of internal nodes in a red-black tree with black- 
height kl Wh^is the smallest possible number? 

13.1-7 

Describe a red-black A^e on n keys that realizes the largest possible ratio of red in- 
ternal nodes to blackNntenial nodes. What is this ratio? What tree has the smallest 
possible ratio, and what is^he ratio? 

% 

13.2 Rotations 0 

The search-tree operations Tree-I?^rt and Tree-Delete, when run on a red- 
black tree with n keys, take 0(lg«) tioie\ Because they modify the tree, the result 
may violate the red-black properties enumerated in Section 13.1. To restore these 
properties, we must change the colors of(s^nie of the nodes in the tree and also 
change the pointer structure. ^\ 

We change the pointer structure through rq^ipn, which is a local operation in 
a search tree that preserves the binary-search-tree^property. Figure 13.2 shows the 
two kinds of rotations: left rotations and right rotatlo^. When we do a left rotation 
on a node x, we assume that its right child y is not T.nil; x may be any node in 
the tree whose right child is not T. nil. The left rotatiop-^pivots" around the link 
from x to y. It makes y the new root of the subtree, withSsoas y's left child and y's 
left child as x 's right child. ✓^x. 

The pseudocode for Left-Rotate assumes that x.right^ T.nil and that the 
root's parent is T. nil. 



13.2 Rotations 



313 



Left-Rotate^, x) 




1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 



// set y 

II turn y 's left subtree into x 's right subtree 



:i» a { y 

Right-Rotate^, y) 

^ * P r 

V 

Figur^^.2 The rotation operations on a binary search tree. The operation LEFT-ROTATE(r, x) 
transfornffihe configuration of the two nodes on the right into the configuration on the left by chang- 
ing a constajrf-number of pointers. The inverse operation RlGHT-ROTATE(r, y) transforms the con- 
figuration on^fnevkft into the configuration on the right. The letters a, /S, and y represent arbitrary 
subtrees. A rotation operation preserves the binary-search-tree property: the keys in a precede x. key, 
which precedes meieys in /3, which precede y.key, which precedes the keys in y. 

Left-Rotate (T,xy 

y = x. right V \s 
x. right = y.left v. v 
if y. left ^ T. nil \> 

y.left.p = x 
y.p = x.p 
if x.p == T.nil 

T.root = y 
elseif x == x.p. left 

x.p. left = y 
else x.p. right = y 
y.left = x 
x.p = y 

Figure 13.3 shows an example of how LEFT-RyJ^TE modifies a binary search 
tree. The code for Right-Rotate is symmetric. Both Left-Rotate and Right- 
Rotate run in 0(1) time. Only pointers are chariged by a rotation; all other 
attributes in a node remain the same. v. \ 



<$>// link x 's parent to y 

\ 

// put x oi^'s left 

*6 



o 



Exercises 



13.2-1 

Write pseudocode for Right-Rotate. 



13.2-2 

Argue that in every n-node binary search tree, there are exactly n 
rotations. 



1 possible 
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Left-Rotate(J, x) 

0 



14 



12 



17 



22 



20 




Figure 13.3 An example of how the 'procedure LEFT-ROTATE(r, x ) modifies a binary search tree. 
Inorder tree walks of the input tree and ffffe modified tree produce the same listing of key values. 



js a, P, and y, respectively, in the left 
and c change when a left rotation 

o 



13.2-3 

Let a, b, and c be arbitrary nodes in su 
tree of Figure 13.2. How do the depths 
is performed on node x in the figure? 

13.24 

Show that any arbitrary /t-node binary search tree ca^e transformed into any other 
arbitrary «-node binary search tree using 0(n) rotations. (Hint: First show that at 
most n — \ right rotations suffice to transform the tree i^rti^a right-going chain.) 

13.2-5 * Oa 

We say that a binary search tree T x can be right-converted td>inary search tree T 2 
if it is possible to obtain T 2 from 7\ via a series of calls to Right-Rotate. Give 
an example of two trees 7\ and T 2 such that 7\ cannot be right-converted to T 2 . 
Then, show that if a tree 7\ can be right-converted to T 2 , it can be right-converted 
using 0(n 2 ) calls to Right-Rotate. 
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13.3 Insertion 

\yfe can insert a node into an w-node red-black tree in 0(lg n) time. To do so, we 
i(|p> a^slightly modified version of the Tree-Insert procedure (Section 12.3) to 
inseronode z into the tree T as if it were an ordinary binary search tree, and then we 
color(^)red. (Exercise 13.3-1 asks you to explain why we choose to make node z 
red rath€?)than black.) To guarantee that the red-black properties are preserved, we 
then cair^riSauxiliary procedure RB-Insert-Fixup to recolor nodes and perform 
rotations. The^call RB -INSERT (T, z) inserts node z, whose key is assumed to have 
already been f^Hed in, into the red-black tree T. 

RB -Insert (T,W, 



2 x = T.root 

3 while x ^ j 

4 y = x 

5 if z.key < x.key - 

6 x = x.left \y 

7 else x = x. right • 

8 z.p = y O v 

9 if y==T.nil \ 

10 T.root = z O 

11 elseif z.key < y.key 

12 y.left = z \$ 

13 else y. right = z ><"0 

14 z.left = T.nil Q 

15 z. right = T.nil ^ 

16 z. color = RED 

17 RB-lNSERT-FlXUP(r,z) Q 

The procedures Tree-Insert and RB -Insert difflr^kfour ways. First, all 
instances of nil in Tree-Insert are replaced by T.nil. ^Second, we set z.left 
and z. right to T.nil in lines 14-15 of RB -Insert, in order to maintain the 
proper tree structure. Third, we color z red in line 16. Fourth, because col- 
oring z red may cause a violation of one of the red-black properties, we call 
RB-INSERT-Fixup(r, z) in line 17 of RB -INSERT to restore the red-black prop- 
erties. 
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II 


case 1 


II 


case 1 


II 


case 1 


II 


case 1 


II 


case 2 


II 


case 2 


II 


case 3 


II 


case 3 


II 


case 3 



RB-lNSERT-FlXUP(r, z) 

1 while z.p. color == red 
if z.p --Z.p. p. left 
y = Z.p. p. right 
if y .color == red 

5 O z.p. color = BLACK 

6 0 y. color = BLACK 

7 z.p .p. color = red 

8 z = Z.p.p 

9 \eKe if z == z.p. right 

10 \A z = Z./> 

11 Left-Rotate (r,z) 

12 z.pffolor = BLACK 

13 z>p.p\eolor = RED 

14 Rignt^Rotate(7/, zp.p) 

15 else (same as tnemclause 

with "rigbt^and "left" exchanged) 

16 T. root. color = BLACkC 

To understand how RB-INSER^-FIXUP works, we shall break our examination 
of the code into three major steps. v (^irst, we shall determine what violations of 
the red-black properties are introduc^m RB -INSERT when node z is inserted 
and colored red. Second, we shall exairn!}e the overall goal of the while loop in 
lines 1-15. Finally, we shall explore eaqjlppf the three cases 1 within the while 
loop's body and see how they accomplish thdTgoal. Figure 13.4 shows how RB- 
Insert-Fixup operates on a sample red-blackjti-ee. 

Which of the red-black properties might be/violated upon the call to RB- 
Insert-Fixup? Property 1 certainly continues topfc(Jd, as does property 3, since 
both children of the newly inserted red node are the sentinel T.nil. Property 5, 
which says that the number of black nodes is the sarrfe on every simple path from 
a given node, is satisfied as well, because node z replaces the (black) sentinel, and 
node z is red with sentinel children. Thus, the only properties that might be vi- 
olated are property 2, which requires the root to be black, property 4, which 
says that a red node cannot have a red child. Both possible violations are due to z 
being colored red. Property 2 is violated if z is the root, and property 4 is violated 
if z's parent is red. Figure 13.4(a) shows a violation of property 4 after the node z 
has been inserted. 



^ase 2 falls through into case 3, and so these two cases are not mutually exclusive. 
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Figure 13.4 The operation of RB-lNSERT-FlXUP. (a) A node z after insertion. Because both z 
and its parent z.p are red, a violation of property 4 occurs. Since z's uncle y is red, case 1 in the 
code applies. We recolor nodes and move the pointer z up the tree, resulting in the tree shown in (b). 
Once again, z and its parent are both red, but z's uncle y is black. Since z is the right child of z.p, 
case 2 applies. We perform a left rotation, and the tree that results is shown in (c). Now, z is the left 
child of its parent, and case 3 applies. Recoloring and right rotation yield the tree in (d), which is a 
legal red-black tree. 



Chapter 13 Red-Black Trees 



The while loop in lines 1-15 maintains the following three-part invariant at the 
stait of each iteration of the loop: 

^Vxa. Node z is red. 

^ If Z .p is the root, then z .p is black. 

Cs/n the tree violates any of the red-black properties, then it violates at most 
o^ of them, and the violation is of either property 2 or property 4. If the 
tree^juolates property 2, it is because z is the root and is red. If the tree 
viota{efc> property 4, it is because both z and z.p are red. 

Part (c), whifc^deals with violations of red-black properties, is more central to 
showing that RB^INSERT-FIXUP restores the red-black properties than parts (a) 
and (b), which we^ along the way to understand situations in the code. Because 
we'll be focusing oi^ode z and nodes near it in the tree, it helps to know from 
part (a) that z is red. W^s'hall use part (b) to show that the node Z-P-P exists when 
we reference it in lines 2^ 7, 8, 13, and 14. 

Recall that we need to shbw that a loop invariant is true prior to the first itera- 
tion of the loop, that each ife^Kion maintains the loop invariant, and that the loop 
invariant gives us a useful property at loop termination. 

We start with the initialization and termination arguments. Then, as we exam- 
ine how the body of the loop works^n more detail, we shall argue that the loop 
maintains the invariant upon each itefatj&n. Along the way, we shall also demon- 
strate that each iteration of the loop hasMwo possible outcomes: either the pointer z 
moves up the tree, or we perform some rotations and then the loop terminates. 

Initialization: Prior to the first iteration oft$k loop, we started with a red-black 
tree with no violations, and we added a redtn^de Z- We show that each part of 
the invariant holds at the time RB-lNSERT-Fl^t)P is called: 

a. When RB-Insert-Fixup is called, z is the r^d node that was added. 

b. If z.p is the root, then z.p started out black an3 did not change prior to the 
call of RB -Insert-Fixup. ^ q 

c. We have already seen that properties 1, 3, and 5 hoMiwhen RB-lNSERT- 
Fixup is called. < 

If the tree violates property 2, then the red root must be the newly added 
node z, which is the only internal node in the tree. Because the parent and 
both children of z are the sentinel, which is black, the tree does not also 
violate property 4. Thus, this violation of property 2 is the only violation of 
red-black properties in the entire tree. 

If the tree violates property 4, then, because the children of node z are black 
sentinels and the tree had no other violations prior to z being added, the 
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violation must be because both z and z -P are red. Moreover, the tree violates 
no other red-black properties. 

^■^Termination: When the loop terminates, it does so because z.p is black. (If z is 
\ vthe root, then z.p is the sentinel T.nil, which is black.) Thus, the tree does not 
Srviblate property 4 at loop termination. By the loop invariant, the only property 
ttrat might fail to hold is property 2. Line 16 restores this property, too, so that 
warn RB-Insert-Fixup terminates, all the red-black properties hold. 

Maintenance: We actually need to consider six cases in the while loop, but three 
of then? a£& symmetric to the other three, depending on whether line 2 deter- 
mines zYiwent z.p to be a left child or a right child of z's grandparent z.p.p. 
We have given the code only for the situation in which z.p is a left child. The 
node z.p.p ewisb;, since by part (b) of the loop invariant, if z.p is the root, 
then z.p is bla&k. Sjnce we enter a loop iteration only if z.p is red, we know 
that z-P cannot b\fhe.root. Hence, z.p.p exists. 

We distinguish caseM jfrom cases 2 and 3 by the color of z's parent's sibling, 
or "uncle." Line 3 maleesvy point to z's uncle z.p.p .right, and line 4 tests j's 
color. If y is red, then we execute case 1. Otherwise, control passes to cases 2 
and 3. In all three cases, grandparent z.p.p is black, since its parent z.p is 
red, and property 4 is violate*! qply between z and z.p. 

V 

Case 1: z's uncle y is red N q 

Figure 13.5 shows the situation for(c£se 1 (lines 5-8), which occurs when 
both z.p and y are red. Because Z-pfp^ black, we can color both z.p and y 
black, thereby fixing the problem of Z^j^ Z.p both being red, and we can 
color z.p.p red, thereby maintaining property^. We then repeat the while loop 
with z.p.p as the new node z. The pointer zmdtyes up two levels in the tree. 

Now, we show that case 1 maintains the loop invariant at the start of the next 
iteration. We use z to denote node z in the curre^Tjteration, and z' = Z.p.p 
to denote the node that will be called node z at the t^sj in line 1 upon the next 
iteration. ^\ 

a. Because this iteration colors z.p.p red, node z! is red at the start of the next 
iteration. 

b. The node z'.p is z.p.p.p in this iteration, and the color of this node does not 
change. If this node is the root, it was black prior to this iteration, and it 
remains black at the start of the next iteration. 

c. We have already argued that case 1 maintains property 5, and it does not 
introduce a violation of properties 1 or 3. 
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Figure 13.5 Case 1 of the procedure RB-lNSERT-FlXUP. Property 4 is violated, since z and its 
parent z.p are both red. We taM_the same action whether (a) z is a right child or (b) z is a left 
child. Each of the subtrees a, filyJ&^ and s has a black root, and each has the same black-height. 
The code for case 1 changes the colbrs^of some nodes, preserving property 5: all downward simple 
paths from a node to a leaf have the saso» number of blacks. The while loop continues with node z 's 
grandparent z.p.p as the new z. Any violfltior^of property 4 can now occur only between the new z, 
which is red, and its parent, if it is red as wtfllS 



V 



If node z' is the root at the start c^Qhe next iteration, then case 1 corrected 
the lone violation of property 4 in desperation. Since z' is red and it is the 
root, property 2 becomes the only on^Jhat is violated, and this violation is 
due to z'. 

If node z! is not the root at the start of tl^iext iteration, then case 1 has 
not created a violation of property 2. Case ^corrected the lone violation 
of property 4 that existed at the start of this iteration. It then made z' red 
and left z'.p alone. If z'.p was black, there is no\yiolation of property 4. 
If z' -P was red, coloring z! red created one violation ^property 4 between zl 
and z'.p. 

Case 2: z's uncle y is black and z is a right child 
Case 3: z's uncle y is black and z is a left child 

In cases 2 and 3, the color of z's uncle y is black. We distinguish the two cases 
according to whether z is a right or left child of z.p. Lines 10-11 constitute 
case 2, which is shown in Figure 13.6 together with case 3. In case 2, node z 
is a right child of its parent. We immediately use a left rotation to transform 
the situation into case 3 (lines 12-14), in which node z is a left child. Because 
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(^Case2 

% 

Figure 13.6 ^ Cases 2 and 3 of the procedure RB-lNSERT-FlXUP. As in case 1, property 4 is violated 
in either case 2\jr case 3 because z and its parent z -p are both red. Each of the subtrees a, fi,y, and S 
has a black root X<&?fi, and y from property 4, and S because otherwise we would be in case 1), and 
each has the same b^^k-height. We transform case 2 into case 3 by a left rotation, which preserves 
property 5: all downwarcfcimple paths from a node to a leaf have the same number of blacks. Case 3 
causes some color changesjand a right rotation, which also preserve property 5. The while loop then 
terminates, because propesty^is satisfied: there are no longer two red nodes in a row. 



both z and z.p are resOl^e rotation affects neither the black-height of nodes 
nor property 5. Whethersve^enter case 3 directly or through case 2, z's uncle y 
is black, since otherwise we would have executed case 1 . Additionally, the 
node Z-P-P exists, since we tiav^ argued that this node existed at the time that 
lines 2 and 3 were executed, amLafter moving z up one level in line 10 and then 
down one level in line 11, the id&Juity of z.p.p remains unchanged. In case 3, 
we execute some color changes andQ)right rotation, which preserve property 5, 
and then, since we no longer have t^pWed nodes in a row, we are done. The 
while loop does not iterate another timd^ince z.p is now black. 

We now show that cases 2 and 3 maintatr^e loop invariant. (As we have just 
argued, z -p will be black upon the next test liDine 1 , and the loop body will not 
execute again.) 

a. Case 2 makes z point to z.p, which is red. No further change to z or its color 
occurs in cases 2 and 3. 

b. Case 3 makes z.-P black, so that if z.-P is the root^L the start of the next 
iteration, it is black. * 

c. As in case 1, properties 1, 3, and 5 are maintained in cases 2 and 3. 

Since node z is not the root in cases 2 and 3, we know that there is no viola- 
tion of property 2. Cases 2 and 3 do not introduce a violation of property 2, 
since the only node that is made red becomes a child of a black node by the 
rotation in case 3. 

Cases 2 and 3 correct the lone violation of property 4, and they do not intro- 
duce another violation. 
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Having shown that each iteration of the loop maintains the invariant, we have 
shown that RB-Insert-Fixup correctly restores the red-black properties. 

"?£jiarysis 

Wm^i£ the running time of RB -Insert? Since the height of a red-black tree on n 
nodes*uK0(lgn), lines 1-16 of RB -INSERT take 0{\gn) time. In RB-lNSERT- 
FlxUP,Nm.while loop repeats only if case 1 occurs, and then the pointer z moves 
two levels-no the tree. The total number of times the while loop can be executed 
is therefore wil&n). Thus, RB -INSERT takes a total of 0(lgn) time. Moreover, it 
never perforirK more than two rotations, since the while loop terminates if case 2 
or case 3 is executed. 

Exercises \ , 

13.3-1 

In line 16 of RB -INSERT, set the color of the newly inserted node z to red. 
Observe that if we had chose^fito set z 's color to black, then property 4 of a red- 
black tree would not be violated^Vhy didn't we choose to set z 's color to black? 

13.3-2 • 2 

Show the red-black trees that result aftersuccessively inserting the keys 41, 38, 31, 
12, 19, 8 into an initially empty red-bfack_ttee. 

13.3-3 

Suppose that the black-height of each of th^lib trees a, /J, y, 8,s in Figures 13.5 
and 13.6 is k. Label each node in each figur^&jth its black-height to verify that 
the indicated transformation preserves property 

13.3-4 ^ 

Professor Teach is concerned that RB-INSERT-Fixflp_might set T. nil. color to 
RED, in which case the test in line 1 would not cause thMooj) to terminate when z 
is the root. Show that the professor's concern is unfoundWby arguing that RB- 
Insert-Fixup never sets T. nil. color to RED. 

13.3-5 

Consider a red-black tree formed by inserting n nodes with RB -Insert. Argue 
that if n > 1 , the tree has at least one red node. 

13.3-6 

Suggest how to implement RB -INSERT efficiently if the representation for red- 
black trees includes no storage for parent pointers. 
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13.4 Deletion 

\Uike the other basic operations on an «-node red-black tree, deletion of a node takes 
t£hpte 0(lg n). Deleting a node from a red-black tree is a bit more complicated than 
insening a node. 

Tn^rocedure for deleting a node from a red-black tree is based on the Tree- 
DELET^rocedure (Section 12.3). First, we need to customize the TRANSPLANT 
subrouting^hat Tree-Delete calls so that it applies to a red-black tree: 



RB -Transplant (7^, u, v) 

1 if u.p == 7j^\ 

2 T.root — ^ 

3 elseif u == u.p.lefo' 

4 u.p. left = s*\ 

5 else u.p. right = v > 

6 v.p = u.p 

The procedure RB -Transplant differs from Transplant in two ways. First, 
line 1 references the sentinel T. ml instead of NIL. Second, the assignment to v.p in 
line 6 occurs unconditionally: weXan assign to v.p even if v points to the sentinel. 
In fact, we shall exploit the ability to^assign to v.p when v = T.nil. 

The procedure RB -Delete is like@fc Tree-Delete procedure, but with ad- 
ditional lines of pseudocode. Some of tt©additional lines keep track of a node y 
that might cause violations of the red-blac^properties. When we want to delete 
node z and z has fewer than two children, th^^p is removed from the tree, and we 
want y to be z. When z has two children, theiQf should be z's successor, and y 
moves into z's position in the tree. We also renumber y's color before it is re- 
moved from or moved within the tree, and we keep track of the node x that moves 
into y's original position in the tree, because node x /might also cause violations 
of the red-black properties. After deleting node z, RB^ Delete calls an auxiliary 
procedure RB-Delete-Fixup, which changes colors Misperforms rotations to 
restore the red-black properties. s 
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RB-DELETE(r,z) 

l y = z 

Xy2> y-original-color = y. color 
*P if z. left — T.nil 
I . right 

RB -Transplant (T, z, z. right) 
Z. right == T.nil 
)= Z.left 
^Transplant (T, z , z . left) 
9 else y ^TRee-Minimum(z. right) 

10 y-orig^ted-color = y. color 

11 x = yfnght 



12 \£y.p=^±x 

13 X.p =>V y 

14 else RB -Tr^j sj^lant (T, y , y . right) 

15 y. right — x,- right 

16 y. right. p —tx 

17 RB -Transplant lyVz, _y) 

18 y.left = z.left 0 

19 y./e/i^ = y • > 

20 y .color = z. color "O 

21 if y-original-color == BLACK 

22 RB-DELETE-Fixup(r,x) O 

Although RB -Delete contains almosrt^$e as many lines of pseudocode as 
Tree-Delete, the two procedures have the >*^ie basic structure. You can find 
each line of Tree-Delete within RB-DELETB-<with the changes of replacing 
NIL by T.nil and replacing calls to TRANSPLANT"fa\calls to RB -TRANSPLANT), 
executed under the same conditions. ^ 

Here are the other differences between the two proc*ed^es: 

• We maintain node y as the node either removed from @ tree or moved within 
the tree. Line 1 sets y to point to node z when z has fe^r than two children 
and is therefore removed. When z has two children, line 9 sets y to point to z 's 
successor, just as in Tree-Delete, and y will move into z's position in the 
tree. 

• Because node y 's color might change, the variable y-original-color stores y 's 
color before any changes occur. Lines 2 and 10 set this variable immediately 
after assignments to y. When z has two children, then y ^ z and node y 
moves into node z's original position in the red-black tree; line 20 gives y the 
same color as z. We need to save v's original color in order to test it at the 
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end of RB -Delete; if it was black, then removing or moving y could cause 
violations of the red-black properties. 

As discussed, we keep track of the node x that moves into node y's original 
\s position. The assignments in lines 4, 7, and 11 set x to point to either y's only 
Id or, if y has no children, the sentinel T.nil. (Recall from Section 12.3 
^ffjkt y has no left child.) 

ode x moves into node y 's original position, the attribute x .p is always 
set tBLpoint to the original position in the tree of y's parent, even if x is, in fact, 
the sentmeLZ. nil. Unless z is y 's original parent (which occurs only when z has 
two chilH^en and its successor y is z's right child), the assignment to x.p takes 
place in lilfip6 of RB-Transplant. (Observe that when RB-Transplant 
is called in lfij£k 5, 8, or 14, the second parameter passed is the same as x.) 

When y's original parent is z, however, we do not want x.p to point to y's orig- 
inal parent, sincere are removing that node from the tree. Because node y will 
move up to take z 's^po^ition in the tree, setting x.p to y in line 13 causes x.p 
to point to the origina(^sition of y 's parent, even if x = T. nil. 

• Finally, if node y was brack, we might have introduced one or more violations 
of the red-black properties? and so we call RB-Delete-Fixup in line 22 to 
restore the red-black properties^ y was red, the red-black properties still hold 
when y is removed or moved, to^thp following reasons: 

1 . No black-heights in the tree hav^hanged. 

2. No red nodes have been made advent. Because y takes z's place in the 
tree, along with z's color, we cannot^ve two adjacent red nodes at y's new 
position in the tree. In addition, if y w^Sjot z's right child, then y's original 
right child x replaces y in the tree. If y luffed, then x must be black, and so 
replacing y by x cannot cause two red nod^to become adjacent. 

3. Since y could not have been the root if it wasjed, the root remains black. 

If node y was black, three problems may arise, whiCrLthe call of RB-Delete- 
Fixup will remedy. First, if y had been the root and a red^shild of y becomes the 
new root, we have violated property 2. Second, if both jf^and x.p are red, then 
we have violated property 4. Third, moving y within the tree causes any simple 
path that previously contained y to have one fewer black node. Thus, property 5 
is now violated by any ancestor of y in the tree. We can correct the violation 
of property 5 by saying that node x, now occupying y's original position, has an 
"extra" black. That is, if we add 1 to the count of black nodes on any simple path 
that contains x, then under this interpretation, property 5 holds. When we remove 
or move the black node y, we "push" its blackness onto node x. The problem is 
that now node x is neither red nor black, thereby violating property 1 . Instead, 
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while T- root and x . color 



if xX= x.p. left 



w 



node x is either "doubly black" or "red-and-black," and it contributes either 2 or 1, 
respectively, to the count of black nodes on simple paths containing x. The color 
•^trribute of x will still be either RED (if x is red-and-black) or BLACK (if x is 
•dmbly black). In other words, the extra black on a node is reflected in x's pointing 
node rather than in the color attribute, 
m now see the procedure RB-Delete-Fixup and examine how it restores 
the reH^^ck properties to the search tree. 

RB-DELE5k-FlxUP(r, x) 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 



BLACK 

•J^ x. p. right 
if w\$blor == RED 

w(fblor = BLACK 
x.p\£olor = RED 
Left-Rotate (T. x.p) 
w = x.(Kpight 
if w . left, color ^ BLACK and w . right, color 
w. color = R^p 



BLACK 



X 



x.p 



else if w .right. color «*^\BLACK 
w. left, color = BLACK 
w . color — RED ^> 



Right-Rotate 



o 



// 


case 1 


// 


case 1 


// 


case 1 


// 


case 1 


// 


case 2 


// 


case 2 


// 


case 3 


// 


case 3 


// 


case 3 


// 


case 3 


// 


case 4 


// 


case 4 


// 


case 4 


// 


case 4 


// 


case 4 



w = x.p. right 
w. color = x.p. color 
x.p. color = BLACK 
w. right, color = BLACK 
Left- Rotate (T, x.p) 
x = T.root • 
else (same as then clause with "right" and "lef^exchanged) 
x. color = BLACK O 

The procedure RB-Delete-Fixup restores properties \/&, and 4. Exercises 
13.4-1 and 13.4-2 ask you to show that the procedure restores properties 2 and 4, 
and so in the remainder of this section, we shall focus on property 1 . The goal of 
the while loop in lines 1-22 is to move the extra black up the tree until 

1. x points to a red-and-black node, in which case we color x (singly) black in 
line 23; 

2. x points to the root, in which case we simply "remove" the extra black; or 

3. having performed suitable rotations and recolorings, we exit the loop. 
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Within the while loop, x always points to a nonroot doubly black node. We 
determine in line 2 whether x is a left child or a right child of its parent x.p. (We 
^\ have given the code for the situation in which x is a left child; the situation in 
V'which x is a right child— line 22— is symmetric.) We maintain a pointer w to 
th£)sibling of x. Since node x is doubly black, node w cannot be T.nil, because 
otherwise, the number of blacks on the simple path from x.p to the (singly black) 
leaf<urwould be smaller than the number on the simple path from x.p to x. 

The Emir cases 2 in the code appear in Figure 13.7. Before examining each case 
in detail} l&t's look more generally at how we can verify that the transformation 
in each oMna -cases preserves property 5. The key idea is that in each case, the 
transformauen^applied preserves the number of black nodes (including x 's extra 
black) from (aad including) the root of the subtree shown to each of the subtrees 

a, /3 £. Thus* it property 5 holds prior to the transformation, it continues to 

hold afterward. Foe exajnple, in Figure 13.7(a), which illustrates case 1, the num- 
ber of black nodes fr>s(mjthe root to either subtree a or fi is 3, both before and after 
the transformation. (Ag'ain, remember that node x adds an extra black.) Similarly, 
the number of black node£>from the root to any of y, 8, e, and £ is 2, both be- 
fore and after the transformation. In Figure 13.7(b), the counting must involve the 
value c of the color attribute (5^the root of the subtree shown, which can be either 
red or black. If we define co,unt(RED) = 0 and count (black) = 1, then the 
number of black nodes from the , ^d&t to a is 2 + count(c), both before and after 
the transformation. In this case, after^rtle transformation, the new node x has color 
attribute c, but this node is really either^l-and-black (if c = RED) or doubly black 
(if c = BLACK). You can verify the othepxases similarly (see Exercise 13.4-5). 

Case 1: x's sibling w is red 

Case 1 (lines 5-8 of RB-Delete-Fixup andFKrare 13.7(a)) occurs when node w, 
the sibling of node x, is red. Since w must havebl&pk children, we can switch the 
colors of w and x.p and then perform a left-rotatibn on x.p without violating any 
of the red-black properties. The new sibling of x 'which is one of w's children 
prior to the rotation, is now black, and thus we have cera«erted case 1 into case 2, 
3, or 4. 



Cases 2, 3, and 4 occur when node w is black; they are distinguished by the 
colors of w 's children. 



2 As in RB-lNSERT-FlXUP, the cases in RB-DELETE-FlXUP are not mutually exclusive. 
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Case 2: x 's sibling w is black, and both of w's children are black 

In case 2 (lines 10-11 of RB-Delete-Fixup and Figure 13.7(b)), both of w's 
•^hildren are black. Since w is also black, we take one black off both x and w, 
■Jelling x with only one black and leaving w red. To compensate for removing 
oncOylack from x and w, we would like to add an extra black to x.p, which was 
origipmly either red or black. We do so by repeating the while loop with x .p as 
the ne < wTNode x. Observe that if we enter case 2 through case 1, the new node x 
is red-ahd^black, since the original x.p was red. Hence, the value c of the color 
attribute oyke new node x is RED, and the loop terminates when it tests the loop 
condition. We then color the new node x (singly) black in line 23. 

<> 

Case 3: x's sibline^w is black, w's left child is red, and w's right child is black 

Case 3 (lines 13-nS^nd Figure 13.7(c)) occurs when w is black, its left child 
is red, and its right xhUd is black. We can switch the colors of w and its left 
child w . left and then perform a right rotation on w without violating any of the 
red-black properties. The-ne>w sibling w of x is now a black node with a red right 
child, and thus we have trahgftjrjried case 3 into case 4. 



Case 4: x 's sibling w is black, and w 's right child is red 

Case 4 (lines 17-21 and Figure lS.7£d)) occurs when node x's sibling w is black 
and w's right child is red. By making-dome color changes and performing a left ro- 
tation on x.p, we can remove the extra<black on x, making it singly black, without 
violating any of the red-black propertiesQetting x to be the root causes the while 
loop to terminate when it tests the loop cqj^jkion. 

Analysis 

What is the running time of RB -Delete? Since th^neight of a red-black tree of n 
nodes is 0(lg«), the total cost of the procedure without the call to RB-Delete- 
Fixup takes 0{\gn) time. Within RB-DELETE-FlxURr^ach of cases 1, 3, and 4 
lead to termination after performing a constant number- color changes and at 
most three rotations. Case 2 is the only case in which thVwhile loop can be re- 
peated, and then the pointer x moves up the tree at most 0(\gs) times, performing 
no rotations. Thus, the procedure RB-Delete-Fixup takes 0(lg«) time and per- 
forms at most three rotations, and the overall time for RB -Delete is therefore 
also 0(\gn). 




Figure 13.7 The cases in the while loop of the procedure RfS-D_ELETE-FlXUP. Darkened nodes 
have color attributes BLACK, heavily shaded nodes have color attributes RED, and lightly shaded 
nodes have color attributes represented by c and c', which may be e(th^r RED or BLACK. The letters 
a, P, . . . , £ represent arbitrary subtrees. Each case transforms the coaffgUration on the left into the 
configuration on the right by changing some colors and/or performing a<fotation. Any node pointed 
to by x has an extra black and is either doubly black or red-and-black. Only case 2 causes the loop to 
repeat, (a) Case 1 is transformed to case 2, 3, or 4 by exchanging the colors of nodes B and D and 
performing a left rotation, (b) In case 2, the extra black represented by the pointer x moves up the 
tree by coloring node D red and setting x to point to node B. If we enter case 2 through case 1, the 
while loop terminates because the new node x is red-and-black, and therefore the value c of its color 
attribute is RED. (c) Case 3 is transformed to case 4 by exchanging the colors of nodes C and D and 
performing a right rotation, (d) Case 4 removes the extra black represented by x by changing some 
colors and performing a left rotation (without violating the red-black properties), and then the loop 
terminates. 
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Exercises 



3.4-1 

ue that after executing RB-Delete-Fixup, the root of the tree must be black. 



Argil^mat if in RB -Delete both x and x.p are red, then property 4 is restored by 
the call® RB -Delete-Fixup (T, x). 

13.4-3 V) 

In Exercise y 13>3'-2, you found the red-black tree that results from successively 
inserting the ke^4\41, 38, 31, 12, 19, 8 into an initially empty tree. Now show the 
red-black trees fhaKresult from the successive deletion of the keys in the order 
8, 12, 19, 31, 38, 

13.4-4 \f' 

In which lines of the codg Ypr RB -Delete-Fixup might we examine or modify 
the sentinel T. nil? 

13.4-5 ^ 

In each of the cases of Figure 13.7, give the count of black nodes from the root of 

the subtree shown to each of the subCrees a, P £, and verify that each count 

remains the same after the transformatjdn. When a node has a color attribute c 
or c' , use the notation count (c) or count <Q symbolically in your count. 

13.4-6 

Professors Skelton and Baron are concern tat at the start of case 1 of RB- 
Delete-Fixup, the node x.p might not be$(aj>k. If the professors are correct, 
then lines 5-6 are wrong. Show that x.p must be @ck at the start of case 1, so that 
the professors have nothing to worry about. 

13.4-7 • Q 

Suppose that a node x is inserted into a red-black tree with>.RB -INSERT and then 
is immediately deleted with RB -Delete. Is the resultingS^rblack tree the same 
as the initial red-black tree? Justify your answer. 
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Probleit^s 



Persistent dynamic sets 
IQtjHng the course of an algorithm, we sometimes find that we need to maintain past 
vef^u)ns of a dynamic set as it is updated. We call such a set persistent. One way to 
implement a persistent set is to copy the entire set whenever it is modified, but this 
approac^jpan slow down a program and also consume much space. Sometimes, we 
can do m^jdh better. 

Consider^pffersistent set S with the operations Insert, Delete, and Search, 
which we implement using binary search trees as shown in Figure 13.8(a). We 
maintain a separate root for every version of the set. In order to insert the key 5 
into the set, we create a new node with key 5. This node becomes the left child 
of a new node with- k&y* 7, since we cannot modify the existing node with key 7. 
Similarly, the new nsde^with key 7 becomes the left child of a new node with 
key 8 whose right chilcMsthe existing node with key 10. The new node with key 8 
becomes, in turn, the rign^hild of a new root r' with key 4 whose left child is the 
existing node with key 3. We thus copy only part of the tree and share some of the 
nodes with the original tree, a^hown in Figure 13.8(b). 

Assume that each tree node has the attributes key, left, and right but no parent. 
(See also Exercise 13.3-6.) 




(a) 




Figure 13.8 (a) A binary search tree with keys 2, 3, 4, 7, 8, 10. (b) The persistent binary search 
tree that results from the insertion of key 5. The most recent version of the set consists of the nodes 
reachable from the root r' , and the previous version consists of the nodes reachable from r. Heavily 
shaded nodes are added when key 5 is inserted. 
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a. For a general persistent binary search tree, identify the nodes that we need to 
change to insert a key k or delete a node y. 

^fe<Write a procedure Persistent-Tree-Insert that, given a persistent tree T 
a key k to insert, returns a new persistent tree T' that is the result of insert- 
u\a& into T. 

c. If tne^height of the persistent binary search tree T is h, what are the time and 
space Qdquirements of your implementation of Persistent-Tree-Insert? 
(The sp&§^ requirement is proportional to the number of new nodes allocated.) 

d. Suppose tha^We had included the parent attribute in each node. In this case, 
Persistent^T see-Insert would need to perform additional copying. Prove 
that Persistenx^ree-Insert would then require Q(n) time and space, 
where n is the numbar*of nodes in the tree. 

e. Show how to use red^blapk trees to guarantee that the worst-case running time 
and space are 0(lg n) rie^u^sertion or deletion. 

13-2 Join operation on red-b®;k trees 

The join operation takes two dynftmm sets Si and S 2 and an element x such that 
for any X\ € Si and x 2 6 5*2, we htee Xi.key < x.key < x 2 .key. It returns a set 
S = Si U {x} U S 2 - In this probleiri(^we investigate how to implement the join 
operation on red-black trees. O 

a. Given a red-black tree T, let us store ick-height as the new attribute T. bh. 
Argue that RB -INSERT and RB-DeletbWii maintain the bh attribute with- 
out requiring extra storage in the nodes ofthe tree and without increasing the 
asymptotic running times. Show that while dQej iding through T, we can de- 
termine the black-height of each node we visit ifi. 0(1) time per node visited. 

We wish to implement the operation RB-JOIN^ , x, ^Vwhich destroys 7\ and T 2 
and returns a red-black tree T = T\ U {x} U T 2 . Let n beMhe. total number of nodes 
in Ti and T 2 . V^l 

b. Assume that T x .bh > T 2 .bh. Describe an 0(lg/i)-time algorithm that finds a 
black node y in 7\ with the largest key from among those nodes whose black- 
height is T 2 .bh. 

c. Let T y be the subtree rooted at y. Describe how T y U {jc} U T 2 can replace T y 
in 0(1) time without destroying the binary-search-tree property. 



d. What color should we make x so that red-black properties 1, 3, and 5 are main- 
tained? Describe how to enforce properties 2 and 4 in 0(lg n) time. 
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e. Argue that no generality is lost by making the assumption in part (b). Describe 
the symmetric situation that arises when T\.bh < T 2 .bh. 

Argue that the running time of RB-JOIN is 0(lg n). 
1 5*sK AVL trees 

An AML, tree is a binary search tree that is height balanced: for each node x, the 
heights A5& the left and right subtrees of x differ by at most 1. To implement an AVL 
tree, we^mAintain an extra attribute in each node: x.h is the height of node x. As 
for any oth€rJ?inary search tree T , we assume that T.root points to the root node. 

a. Prove that<^l AVL tree with n nodes has height 0{\gn). {Hint: Prove that 
an AVL tree^Rheight h has at least F h nodes, where F h is the /7th Fibonacci 
number.) (\ 

V* 

b. To insert into an AVT^ree, we first place a node into the appropriate place in bi- 
nary search tree order^Afterward, the tree might no longer be height balanced. 
Specifically, the heighVaf-the left and right children of some node might differ 
by 2. Describe a procedure Balance (x), which takes a subtree rooted at x 
whose left and right children are height balanced and have heights that differ 
by at most 2, i.e., \x. right. h*-xz left. h\ < 2, and alters the subtree rooted at x 
to be height balanced. {Hint: tlsjn-Qtations.) 

c. Using pail (b), describe a recursi\(S^procedure AVL-Insert(x, z) that takes 
a node x within an AVL tree and a i(Je)yly created node z (whose key has al- 
ready been filled in), and adds z tothel^ubtree rooted at x, maintaining the 
property that x is the root of an AVL trek As in Tree-Insert from Sec- 
tion 12.3, assume that z.key has already Beeii filled in and that z.left = NIL 
and z.right = NIL; also assume that z.h = lO^hus, to insert the node z into 
the AVL tree T, we call AVL-lNSERT(r.roof^). 

d. Show that AVL-lNSERT, run on an n-node AVL takes 0(lgn) time and 
performs 0(1) rotations. 

13-4 Treaps 

If we insert a set of n items into a binary search tree, the resulting tree may be 
horribly unbalanced, leading to long search times. As we saw in Section 12.4, 
however, randomly built binary search trees tend to be balanced. Therefore, one 
strategy that, on average, builds a balanced tree for a fixed set of items would be to 
randomly permute the items and then insert them in that order into the tree. 

What if we do not have all the items at once? If we receive the items one at a 
time, can we still randomly build a binary search tree out of them? 
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Figure 13.9 A trfcap. Each node x is labeled with x.key: x. priority. For example, the root has 
key G and priority 4a 

We will examine a^ata structure that answers this question in the affirmative. A 
treap is a binary search free with a modified way of ordering the nodes. Figure 13.9 
shows an example. AfTu^al, each node x in the tree has a key value x.key. In 
addition, we assign x. priority, which is a random number chosen independently 
for each node. We assumeSfia^ail priorities are distinct and also that all keys are 
distinct. The nodes of the treap are ordered so that the keys obey the binary-search- 
tree property and the priorities obey the min-heap order property: 

• If v is a left child of u, then v.kq^ji u.key. 

• If v is a right child of u, then v.key<*> u.key. 



• If v is a child of u, then v. priority >Se^^iority. 

(This combination of properties is why the tq^& is called a "treap": it has features 
of both a binary search tree and a heap.) 

It helps to think of treaps in the following waQ Suppose that we insert nodes 
X\,x 2 , - - - , x„, with associated keys, into a treap. xf^en the resulting treap is the 
tree that would have been formed if the nodes had been inserted into a normal 
binary search tree in the order given by their (randomly, chosen) priorities, i.e., 
Xj .priority < Xj .priority means that we had inserted x* De&^re Xj . 

a. Show that given a set of nodes x„ , with assoo^ed keys and priori- 

ties, all distinct, the treap associated with these nodes is unique. 



b. Show that the expected height of a treap is @(lg n ), and hence the expected time 
to search for a value in the treap is @(lg n). 

Let us see how to insert a new node into an existing treap. The first thing we do 
is assign to the new node a random priority. Then we call the insertion algorithm, 
which we call Treap-Insert, whose operation is illustrated in Figure 13.10. 
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(e) (f) 



Figure 13.10 The operation of TREAP-lNSERT. (a) The original treap, prior to insertion, (b) The 
treap after inserting a node with key C and priority 25. (c)-(d) Intermediate stages when inserting a 
node with key D and priority 9. (e) The treap after the insertion of parts (c) and (d) is done, (f) The 
treap after inserting a node with key F and priority 2. 
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i of a binary search tree. The left spine is shaded in (a), and the right spine is 



0 

0(a) 

^? 

V 

Figure 13.11 Sf>in**»< 
shaded in (b). 

c. Explain how Treap J.NSERT works. Explain the idea in English and give pseu- 
docode. {Hint: Execute the usual binary-search-tree insertion procedure and 
then perform rotations* to>restore the min-heap order property.) 

d. Show that the expected ruling time of Treap-Insert is @(lg ri). 

Treap-Insert performs a search and then a sequence of rotations. Although 
these two operations have the sam^expected running time, they have different 
costs in practice. A search reads infomjition from the treap without modifying it. 
In contrast, a rotation changes parent aSid-child pointers within the treap. On most 
computers, read operations are much fastep-than write operations. Thus we would 
like Treap-Insert to perform few rotatJoiW We will show that the expected 
number of rotations performed is bounded by-Wonstant. 

In order to do so, we will need some defiMtiens, which Figure 13.11 depicts. 
The left spine of a binary search tree T is the simple path from the root to the node 
with the smallest key. In other words, the left spike is the simple path from the 
root that consists of only left edges. Symmetrically,* the right spine of T is the 
simple path from the root consisting of only right edge^TVhe length of a spine is 
the number of nodes it contains. O 

e. Consider the treap T immediately after Treap-Insert^Ls inserted node x. 
Let C be the length of the right spine of the left subtree of x. Let D be the 
length of the left spine of the right subtree of x. Prove that the total number of 
rotations that were performed during the insertion of x is equal to C + D . 

We will now calculate the expected values of C and D. Without loss of generality, 
we assume that the keys are 1, 2, . . . ,n, since we are comparing them only to one 
another. 
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For nodes x and y in treap T , where y ^ x, let k = x.fey and i = y.key. We 
, define indicator random variables 

^✓^(t = I { y is in the right spine of the left subtree of x} . 

/^Show that Xjk = 1 if and only if y .priority > x. priority, y .key < x.key, and, 
*rai- every z such that y.key < z.key < x.key, we have y .priority < z .priority. 

g. Sho^hat 

ft. Show that \^ 

i. Use a symmetry argument to shqwtnat 

i o 

n-k + 1 

j. Conclude that the expected number of'^^tions performed when inserting a 
node into a treap is less than 2. Q 

a 

Chapter notes 

The idea of balancing a search tree is due to Adel'son-Vel s^h and Landis [2], who 
introduced a class of balanced search trees called "AVL trees" in 1962, described in 
Problem 13-3. Another class of search trees, called "2-3 trees," was introduced by 
J. E. Hopcroft (unpublished) in 1970. A 2-3 tree maintains balance by manipulating 
the degrees of nodes in the tree. Chapter 18 covers a generalization of 2-3 trees 
introduced by Bayer and McCreight [35], called "B-trees." 

Red-black trees were invented by Bayer [34] under the name "symmetric binary 
B-trees." Guibas and Sedgewick [155] studied their properties at length and in- 
troduced the red/black color convention. Andersson [15] gives a simpler-to-code 
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valiant of red-black trees. Weiss [351] calls this valiant AA-trees. An AA-tree is 
similar to a red-black tree except that left children may never be red. 

Treaps, the subject of Problem 13-4, were proposed by Seidel and Aragon [309]. 
\Pm;y are the default implementation of a dictionary in LEDA [253], which is a 
wrfWmplemented collection of data structures and algorithms. 

Ttjere are many other variations on balanced binary trees, including weight- 
balancesktrees [264], ^-neighbor trees [245], and scapegoat trees [127]. Perhaps 
the most intriguing are the "splay trees" introduced by Sleator and Tarjan [320], 
which are^ s&lf-adjusting." (See Tarjan [330] for a good description of splay trees.) 
Splay trees makrtain balance without any explicit balance condition such as color. 
Instead, "splay operations" (which involve rotations) are performed within the tree 
every time an aceess is made. The amortized cost (see Chapter 17) of each opera- 
tion on an n-node weeJs 0(lg n). 

Skip lists [286] provide, an alternative to balanced binary trees. A skip list is a 
linked list that is augmXiited with a number of additional pointers. Each dictionary 
operation runs in expected time 0(\gn) on a skip list of n items. 

\ 
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Some engineerum situations require no more than a "textbook" data struc- 
ture—such as a doufejjy linked list, a hash table, or a binary search tree— but many 
others require a dash of creativity. Only in rare situations will you need to cre- 
ate an entirely new tyjwof data structure, though. More often, it will suffice to 
augment a textbook daua structure by storing additional information in it. You can 
then program new operatiensxfor the data structure to support the desired applica- 
tion. Augmenting a data structure is not always straightforward, however, since the 
added information must be updated and maintained by the ordinary operations on 
the data structure. • > 

This chapter discusses two datatsjKictures that we construct by augmenting red- 
black trees. Section 14.1 describes\adata structure that supports general order- 
statistic operations on a dynamic set.(\ye can then quickly find the 2 th smallest 
number in a set or the rank of a given(ptement in the total ordering of the set. 
Section 14.2 abstracts the process of augmjkting a data structure and provides a 
theorem that can simplify the process of aug^rtfenting red-black trees. Section 14.3 
uses this theorem to help design a data structur^or maintaining a dynamic set of 
intervals, such as time intervals. Given a query interval, we can then quickly find 
an interval in the set that overlaps it. 

'_o 

14.1 Dynamic order statistics 

Chapter 9 introduced the notion of an order statistic. Specifically, the ith order 
statistic of a set of n elements, where i e {1,2,..., «}, is simply the element in the 
set with the ith smallest key. We saw how to determine any order statistic in 0{n) 
time from an unordered set. In this section, we shall see how to modify red-black 
trees so that we can determine any order statistic for a dynamic set in 0(lg n) time. 
We shall also see how to compute the rank of an element— its position in the linear 
order of the set— in 0(lg«) time. 
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Figure 14.1 An o^dsr-statistic tree, which is an augmented red-black tree. Shaded nodes are red, 
and darkened nodes wefblack. In addition to its usual attributes, each node x has an attribute x.size, 
which is the number owiodes, other than the sentinel, in the subtree rooted at x. 
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Figure 14. 1 shows a aat^structure that can support fast order-statistic operations. 
An order-statistic tree is> simply a red-black tree with additional information 
stored in each node. Besidevtfe usual red-black tree attributes x.key, x. color, x.p, 
x.left, and x. right in a nodeGc, we have another attribute, x.size. This attribute 
contains the number of (interr^) nodes in the subtree rooted at x (including x 
itself), that is, the size of the subtsee. If we define the sentinel's size to be 0— that 
is, we set T. nil. size to be 0— then ^^tave the identity 



x.size = x.left. size + x. right, size + 



o 



We do not require keys to be distinct in^)order-statistic tree. (For example, the 
tree in Figure 14.1 has two keys with value X^knd two keys with value 21.) In the 
presence of equal keys, the above notion of xgffe) is not well defined. We remove 
this ambiguity for an order-statistic tree by defin^ the rank of an element as the 
position at which it would be printed in an inorder w$k of the tree. In Figure 14.1, 
for example, the key 14 stored in a black node has rank 5, and the key 14 stored in 
a red node has rank 6. 



Retrieving an element with a given rank 



O 



Before we show how to maintain this size information during insertion and dele- 
tion, let us examine the implementation of two order-statistic queries that use this 
additional information. We begin with an operation that retrieves an element with 
a given rank. The procedure OS -S ELECT (x, i) returns a pointer to the node con- 
taining the z'th smallest key in the subtree rooted at x. To find the node with the ith 
smallest key in an order-statistic tree T, we call OS -S ELECT (T. root, i). 
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OS-Select(x,z) 

1 r = x. left. size + 1 
\&J> Xi==r 
\^ return x 
4^ekeif i < r 

5 0 return OS -Select (x.left, i) 

6 e^return OS-Select(x. n'g/zz\ i - r) 

In line^iW OS -Select, we compute r, the rank of node x within the subtree 
rooted at 3f\The value of x.left. size is the number of nodes that come before x 
in an inorder J£ee walk of the subtree rooted at x. Thus, x.left. size + 1 is the 
rank of x withm the subtree rooted at x. If i = r, then node x is the z'fh smallest 
element, and so^wart-eturn x in line 3. If i < r, then the z'fh smallest element 
resides in x's left subtree, and so we recurse on x.left in line 5. If i > r, then 
the z'fh smallest elemwit^esides in x's right subtree. Since the subtree rooted at x 
contains r elements that come before x 's right subtree in an inorder tree walk, the 
z'fh smallest element in tli^ubtree rooted at x is the (i — r)th smallest element in 
the subtree rooted at x . rigHt, Line 6 determines this element recursively. 

To see how OS -Select derates, consider a search for the 17th smallest ele- 
ment in the order-statistic tree of Figure 14. 1 . We begin with x as the root, whose 
key is 26, and with z = 17. Sincere size of 26's left subtree is 12, its rank is 13. 
Thus, we know that the node with rank* 17 is the 17 — 13 = 4th smallest element 
in 26's right subtree. After the recursi\{S^ail, x is the node with key 41, and i = 4. 
Since the size of 41's left subtree is 5, j(fs)rank within its subtree is 6. Thus, we 
know that the node with rank 4 is the 4tnsm^llest element in 41's left subtree. Af- 
ter the recursive call, x is the node with key^^and its rank within its subtree is 2. 
Thus, we recurse once again to find the 4— 2 = 2nd smallest element in the subtree 
rooted at the node with key 38. We now find thari^ left subtree has size 1, which 
means it is the second smallest element. Thus, tne procedure returns a pointer to 
the node with key 38. * ^ 

Because each recursive call goes down one level irsfne order-statistic tree, the 
total time for OS -Select is at worst proportional to the^ajght of the tree. Since 
the tree is a red-black tree, its height is O(lgn), where n i^he number of nodes. 
Thus, the running time of OS-Select is 0(lg n) for a dynamic set of n elements. 

Determining the rank of an element 

Given a pointer to a node x in an order-statistic tree T, the procedure OS-Rank 
returns the position of x in the linear order determined by an inorder tree walk 
of T. 



Chapter 14 Augmenting Data Structures 



0S-RANK(7/,x) 

1 r = x . left, size + 1 

\$l>y = x 
"O while y ^ T. root 

4 C^> Ai y == y. p. right 

5 vO r = r + y .p. left. size + 1 

6 ($) = y.p 

7 retur^f 

The procedure, works as follows. We can think of node x's rank as the number of 
nodes preceding x in an inorder tree walk, plus 1 for x itself. OS-Rank maintains 
the following loqp* invariant: 

At the start of^^aph iteration of the while loop of lines 3-6, r is the rank 
of x.key in the subtree. rooted at node y. 

We use this loop invariai^p show that OS -Rank works correctly as follows: 

Initialization: Prior to fhe(fij£t iteration, line 1 sets r to be the rank of x . key within 
the subtree rooted at x. Sifting y = x in line 2 makes the invariant true the 
first time the test in line 3 e^Sjtjutes. 

Maintenance: At the end of each iteration of the while loop, we set y = y.p. 
Thus we must show that if r is th^ank of x . key in the subtree rooted at y at the 
start of the loop body, then r is the^rank of x.key in the subtree rooted at y.p 
at the end of the loop body. In each^Tjeration of the while loop, we consider 
the subtree rooted at y.p. We have alreficW counted the number of nodes in the 
subtree rooted at node y that precede ^u^P inorder walk, and so we must add 
the nodes in the subtree rooted at y 's siblina^hat precede x in an inorder walk, 
plus 1 for y.p if it, too, precedes x. If y is aleftvchild, then neither y.p nor any 
node in y.p's right subtree precedes x, and so wei^ave r alone. Otherwise, y is 
a right child and all the nodes in y.p's left subtree precede x, as does y.p itself. 
Thus, in line 5, we add y .p. left, size + 1 to the current value of r. 

Termination: The loop terminates when y = T.root, so-that the subtree rooted 
at y is the entire tree. Thus, the value of r is the rank or^fev in the entire tree. 

As an example, when we run OS -Rank on the order-statistic tree of Figure 14.1 
to find the rank of the node with key 38, we get the following sequence of values 
of y.key and r at the top of the while loop: 

iteration y . key r 

1 38 2 

2 30 4 

3 41 4 

4 26 17 
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The procedure returns the rank 17. 

Since each iteration of the while loop takes 0(1) time, and y goes up one level in 
\§\ the tree with each iteration, the running time of OS-Rank is at worst proportional 
x^m the height of the tree: 0(lgn) on an n-node order-statistic tree. 

Maintaining subtree sizes 

Given-roe size attribute in each node, OS-Select and OS-Rank can quickly 
computMjsder-statistic information. But unless we can efficiently maintain these 
attributes within the basic modifying operations on red-black trees, our work will 
have been iw naught. We shall now show how to maintain subtree sizes for both 
insertion and deletion without affecting the asymptotic running time of either op- 
eration. 

We noted in Section 13.3 that insertion into a red-black tree consists of two 
phases. The first phs^ goes down the tree from the root, inserting the new node 
as a child of an existin^node. The second phase goes up the tree, changing colors 
and performing rotations (^maintain the red-black properties. 

To maintain the subtree ^§es in the first phase, we simply increment x . size for 
each node x on the simple patWvfifaversed from the root down toward the leaves. The 
new node added gets a size of 1. Since there are 0(lg«) nodes on the traversed 
path, the additional cost of mainta^fyig the size attributes is 0(lg n). 

In the second phase, the only structural changes to the underlying red-black tree 
are caused by rotations, of which thece>are at most two. Moreover, a rotation is 
a local operation: only two nodes havVpeir size attributes invalidated. The link 
around which the rotation is performedHfTmcident on these two nodes. Referring 
to the code for Left-Rotate (T, x) in Sectwr^l3.2, we add the following lines: 

13 y .size = x.size Q 

14 x.size = x. left, size + x. right. size + 1 

Figure 14.2 illustrates how the attributes are updated^ The change to RlGHT- 
ROTATE is symmetric. 

Since at most two rotations are performed during insempq into a red-black tree, 
we spend only 0(1) additional time updating size attribute? in the second phase. 
Thus, the total time for insertion into an «-node order-statistic tree is O(lgn), 
which is asymptotically the same as for an ordinary red-black tree. 

Deletion from a red-black tree also consists of two phases: the first operates 
on the underlying search tree, and the second causes at most three rotations and 
otherwise performs no structural changes. (See Section 13.4.) The first phase 
either removes one node y from the tree or moves upward it within the tree. To 
update the subtree sizes, we simply traverse a simple path from node y (starting 
from its original position within the tree) up to the root, decrementing the size 
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Left-Rot ate(J, x) 



Right-Rotate(7", y) 




Figure 14.^^Updating subtree sizes during rotations. The link around which we rotate is incident 
on the two no*te§) whose size attributes need to be updated. The updates are local, requiring only the 
size information stored in x, y, and the roots of the subtrees shown as triangles. 

<> 

attribute of each ijU^e on the path. Since this path has length 0(lgn) in an n- 
node red-black tree, tH£ additional time spent maintaining size attributes in the first 
phase is 0(lg/i). we handle the 0(1) rotations in the second phase of deletion 
in the same manner as .reinsertion. Thus, both insertion and deletion, including 
maintaining the size attributes, take 0(lg n) time for an «-node order-statistic tree. 

Exercises ^ 
14.1-1 



rates on the red-black tree T of Fig- 



Show how OS-SELECT(7>oof, lftbbpe 
ure 14.1. X 

o 

14.1-2 cy 

Show how OS-Rank(T, x) operates on me^d-black tree T of Figure 14.1 and 
the node x with x.key = 35. ^\ 

14.1-3 

Write a nonrecursive version of OS-Select. 



14.1-4 Q 

Write a recursive procedure OS-Key-Rank(T, k) that ^es as input an order- 
statistic tree T and a key k and returns the rank of k in the d^p^mic set represented 
by T . Assume that the keys of T are distinct. 



14.1-5 

Given an element x in an «-node order-statistic tree and a natural number i, how 
can we determine the z'th successor of x in the linear order of the tree in 0(lgn) 
time? 
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^ 14.1-6 

, Observe that whenever we reference the size attribute of a node in either OS- 
^\ Select or OS-Rank, we use it only to compute a rank. Accordingly, suppose 
/we store in each node its rank in the subtree of which it is the root. Show how to 
m&ntain this information during insertion and deletion. (Remember that these two 
opinions can cause rotations.) 

14.1-9 

Show new>to use an order-statistic tree to count the number of inversions (see 



Problem 2^4) in an array of size n in time 0(n Ign). 
X > 

14.1-8 * O 

Consider n chorion a circle, each defined by its endpoints. Describe an 0(n lg n)- 
time algorithm to d^ermine the number of pairs of chords that intersect inside the 
circle. (For example^ the n chords are all diameters that meet at the center, then 
the correct answer is (^Si Assume that no two chords share an endpoint. 

te. 



14.2 How to augment a data structui 

The process of augmenting a basic^ta^tructure to support additional functionality 
occurs quite frequently in algorithm )$sign. We shall use it again in the next section 
to design a data structure that supportsCpj^erations on intervals. In this section, we 
examine the steps involved in such augmentation. We shall also prove a theorem 
that allows us to augment red-black trees e^fty in many cases. 

We can break the process of augmenting >^@)ta structure into four steps: 

1 . Choose an underlying data structure. 

2. Determine additional information to maintain m the underlying data structure. 

3. Verify that we can maintain the additional informatftyi for the basic modifying 
operations on the underlying data structure. Q 

4. Develop new operations. V ^J> 

As with any prescriptive design method, you should not blindly follow the steps 
in the order given. Most design work contains an element of trial and error, and 
progress on all steps usually proceeds in parallel. There is no point, for example, in 
determining additional information and developing new operations (steps 2 and 4) 
if we will not be able to maintain the additional information efficiently. Neverthe- 
less, this four-step method provides a good focus for your efforts in augmenting 
a data structure, and it is also a good way to organize the documentation of an 
augmented data structure. 
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We followed these steps in Section 14.1 to design our order-statistic trees. For 
step 1, we chose red-black trees as the underlying data structure. A clue to the 
^Suitability of red-black trees comes from their efficient support of other dynamic - 
)operations on a total order, such as Minimum, Maximum, Successor, and 

i>ECESSOR. 

£ep 2, we added the size attribute, in which each node x stores the size of the 
subtre!e/TOoted at x. Generally, the additional information makes operations more 
efficient: /^or example, we could have implemented OS-Select and OS-Rank 
using jusfln&keys stored in the tree, but they would not have run in 0(lgn) time. 
Sometimes, 'fna additional information is pointer information rather than data, as 
in Exercise 

For step 3, we^ensured that insertion and deletion could maintain the size at- 
tributes while still\«nping in 0(lg n) time. Ideally, we should need to update only 
a few elements of theCdata, structure in order to maintain the additional information. 
For example, if we sim^iy^stored in each node its rank in the tree, the OS -Select 
and OS -Rank procedures would run quickly, but inserting a new minimum ele- 
ment would cause a change^ this information in every node of the tree. When we 
store subtree sizes instead, in^rting a new element causes information to change 
in only 0(\gn) nodes. 

For step 4, we developed the operations OS-Select and OS-Rank. After all, 
the need for new operations is why yTepother to augment a data structure in the first 
place. Occasionally, rather than developing new operations, we use the additional 
information to expedite existing ones, as^hj Exercise 14.2-1. 

Augmenting red-black trees ^\ 

When red-black trees underlie an augmented > uat9_structure, we can prove that in- 
sertion and deletion can always efficiently maintW certain kinds of additional in- 
formation, thereby making step 3 very easy. The praof of the following theorem is 
similar to the argument from Section 14.1 that we can maintain the size attribute 
for order-statistic trees. 

Theorem 14.1 (Augmenting a red-black tree) \\ 
Let / be an attribute that augments a red-black tree T of n nodes, and suppose that 
the value of / for each node x depends on only the information in nodes x, x.left, 
and x . right, possibly including x . left.f and x . right. f. Then, we can maintain the 
values of / in all nodes of T during insertion and deletion without asymptotically 
affecting the O(lgn) performance of these operations. 



Proof The main idea of the proof is that a change to an / attribute in a node x 
propagates only to ancestors of x in the tree. That is, changing x.f may re- 
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quire x.p.f to be updated, but nothing else; updating x.p.f may require x.p.p.f 
to be updated, but nothing else; and so on up the tree. Once we have updated 
\§\ T. root.f, no other node will depend on the new value, and so the process termi- 
v-nates. Since the height of a red-black tree is 0(lg n), changing an / attribute in a 
lraHe costs 0(\gn) time in updating all nodes that depend on the change. 

Jrfsprtion of a node x into T consists of two phases. (See Section 13.3.) The 
firsf'mrase inserts x as a child of an existing node x.p. We can compute the value 
of ^./"kkO(I) time since, by supposition, it depends only on information in the 
other atmputes of x itself and the information in x's children, but x's children are 
both the sgsntinel T. nil. Once we have computed x ./, the change propagates up 
the tree. Thus^the total time for the first phase of insertion is 0(lg n). During the 
second phase, -tnaonly structural changes to the tree come from rotations. Since 
only two nodes «ha»ge in a rotation, the total time for updating the / attributes 
is O(lgn) per rotation., Since the number of rotations during insertion is at most 
two, the total time foXin&e rtion is 0(lg n). 

Like insertion, deletion has two phases. (See Section 13.4.) In the first phase, 
changes to the tree occulCwien the deleted node is removed from the tree. If the 
deleted node had two childr^at the time, then its successor moves into the position 
of the deleted node. Propaga(Sq^ the updates to / caused by these changes costs 
at most O(lgw), since the changes modify the tree locally. Fixing up the red-black 
tree during the second phase reqtfues at most three rotations, and each rotation 
requires at most 0(\gn) time to prqp^gate the updates to /. Thus, like insertion, 
the total time for deletion is 0(lg«). Q ■ 

In many cases, such as maintaining th^^z^ attributes in order-statistic trees, the 
cost of updating after a rotation is 0(1), ratherihan the 0(lg n) derived in the proof 
of Theorem 14.1. Exercise 14.2-3 gives an example. 



Exercises 



14.2-1 Q 

Show, by adding pointers to the nodes, how to suppor(3ach of the dynamic-set 
queries Minimum, Maximum, Successor, and Predecessor in 0(1) worst- 
case time on an augmented order-statistic tree. The asymptotic performance of 
other operations on order-statistic trees should not be affected. 

14.2-2 

Can we maintain the black-heights of nodes in a red-black tree as attributes in the 
nodes of the tree without affecting the asymptotic performance of any of the red- 
black tree operations? Show how, or argue why not. How about maintaining the 
depths of nodes? 
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^ 14.2-3 * 

, Let <g> be an associative binary operator, and let a be an attribute maintained in each 
•^hode of a red-black tree. Suppose that we want to include in each node x an addi- 
tional attribute / such that x.f = X\ .a <g> x 2 .a <g> • • • <g> x m .a, where X\, x 2 , ■ ■ ■ , x m 
is A^inorder listing of nodes in the subtree rooted at x. Show how to update the / 
attrrtjtfres in 0(1) time after a rotation. Modify your argument slightly to apply it 
to the y ^^ attributes in order-statistic trees. 

14.2-4 

We wish to augment red-black trees with an operation RB -Enumerate (x, a, b) 
that outputs a^J the keys k such that a < k < b in a red-black tree rooted at x. 
Describe how td^Hiplement RB-Enumerate in &(m + lg n) time, where m is the 
number of keys tKajWe output and n is the number of internal nodes in the tree. 
{Hint: You do not ne^d to add new attributes to the red-black tree.) 

% 

14.3 Interval trees 

In this section, we shall augmen^red-black trees to support operations on dynamic 
sets of intervals. A closed interval jsi^m ordered pair of real numbers [t\, t 2 ], with 
h < h- The interval [h,t 2 ] representfpthe set {/ e M : ti < t < t 2 }. Open and 
half-open intervals omit both or one oYthe endpoints from the set, respectively. In 
this section, we shall assume that intervaWuce closed; extending the results to open 
and half-open intervals is conceptually stsatgntforwai - d. 

Intervals are convenient for representing &yegts that each occupy a continuous 
period of time. We might, for example, wishmxfuery a database of time intervals 
to find out what events occurred during a given i©ryal. The data structure in this 
section provides an efficient means for maintaining^ch an interval database. 

We can represent an interval [t\,t 2 ] as an object i, with attributes i.low = ti 
(the low endpoint) and i.high = t 2 (the high endpoin(£\We say that intervals i 
and V overlap if i Hi' ^ 0, that is, if i.low < i' .high a(ncj V .low < i.high. As 
Figure 14.3 shows, any two intervals i and V satisfy the intqpyal trichotomy; that 
is, exactly one of the following three properties holds: 

a. i and i ' overlap, 

b. i is to the left of V (i.e., i.high < i' .low), 

c. i is to the right of V (i.e., i' .high < i.low). 

An interval tree is a red-black tree that maintains a dynamic set of elements, with 
each element x containing an interval x . int. Interval trees support the following 
operations: 
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(b) (c) 

Figure 14.3 Thfelhterval trichotomy for two closed intervals i and V . (a) If ( and i' overlap, there 
are four situations; irfljach, i.low < i' .high and i' .low < i.high. (b) The intervals do not overlap, 
and i.high < i' .low^fs^he intervals do not overlap, and i' .high < i.low. 

V' 

Interval-Insert (T,& adds the element x, whose int attribute is assumed to 
contain an interval, to tjste interval tree T . 

Interval-Delete (T, x) ije^ioves the element x from the interval tree T. 

Interval-Search (T, i) re a pointer to an element x in the interval tree T 
such that x.int overlaps internal i, or a pointer to the sentinel T.nil if no such 
element is in the set. \) 

trse^i 

m 

and the operations that run on it. 
Step 1: Underlying data structure '^(3 

We choose a red-black tree in which each node x ^$htains an interval x . int and the 
key of x is the low endpoint, x.int. low, of the internal. Thus, an inorder tree walk 
of the data structure lists the intervals in sorted order b^y>Jow endpoint. 

Step 2: Additional information \K 

In addition to the intervals themselves, each node x contains a value x . max, which 
is the maximum value of any interval endpoint stored in the subtree rooted at x. 



Figure 14.4 shows how an interval trsejffipresents a set of intervals. We shall track 
the four-step method from Section 14.3-asLwe review the design of an interval tree 




Step 3: Maintaining the information 

We must verify that insertion and deletion take O(lgn) time on an interval tree 
of n nodes. We can determine x . max given interval x . int and the max values of 
node x's children: 
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26H26 
25l 30 

19^20 

17l 1 19 

161 121 

151 23 



8H9 



10 



(b) 




Figure 14.4 An interval tree, (a) A set of 10 intervals, shown sorted bottom to top by left endpoint. 
(b) The interval tree that represents them. Each no^s?fcpntains an interval, shown above the dashed 
line, and the maximum value of any interval endpoinVjrr the subtree rooted at x, shown below the 
dashed line. An inorder tree walk of the tree lists the nc)d^sT)n sorted order by left endpoint. 

O, 

x.max = max(x. int. high, x. left. max, x. right. max\. 

Thus, by Theorem 14.1, insertion and deletion run m &Qgn) time. In fact, we 
can update the max attributes after a rotation in 0(1) time, as Exercises 14.2-3 



and 14.3-1 show. 



Step 4: Developing new operations 



The only new operation we need is Interval- Search (T, i), which finds a node 
in tree T whose interval overlaps interval i . If there is no interval that overlaps i in 
the tree, the procedure returns a pointer to the sentinel T. nil. 
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Interval-Search (T, i) 
1 x = T.root 

% while x ^ T.nil and i does not overlap x.int 
\^ if x . left ^ T. nil and x . left, max > i . low 
4^) v x = x.left 

5 O else x = x. right 

6 r^rn x 

The searc^for an interval that overlaps i stalls with x at the root of the tree and 
proceeds downward. It terminates when either it finds an overlapping interval or x 
points to fhersefttinel T.nil. Since each iteration of the basic loop takes 0(1) time, 
and since the htneht of an «-node red-black tree is 0(lg n), the Interval- Search 
procedure takes C7fl^n) time. 

Before we see why Jnterval-Search is correct, let's examine how it works 
on the interval tree incisure 14.4. Suppose we wish to find an interval that overlaps 
the interval i = [22, 25^. We begin with x as the root, which contains [16, 21] and 
does not overlap i. Sincs^ deft. max = 23 is greater than i.low = 22, the loop 
continues with x as the left 6hild of the root— the node containing [8,9], which also 
does not overlap i. This timers). left. max = 10 is less than i.low = 22, and so the 
loop continues with the right child of x as the new x. Because the interval [15, 23] 
stored in this node overlaps i , the v @>cedure returns this node. 

As an example of an unsuccessfH^earch, suppose we wish to find an interval 
that overlaps i = [11, 14] in the inter(C3J tree of Figure 14.4. We once again be- 
gin with x as the root. Since the root's(IMerval [16,21] does not overlap i, and 
since x.left. max = 23 is greater than rTl^. = 11, we go left to the node con- 
taining [8, 9]. Interval [8, 9] does not overlap^ and x.left. max = 10 is less than 
i.low =11, and so we go right. (Note that npNnterval in the left subtree over- 
laps i.) Interval [15, 23] does not overlap i, analp^eft child is T.nil, so again we 
go right, the loop terminates, and we return the sentinel T. nil. 

To see why Interval-Search is correct, we rrlust^nderstand why it suffices 
to examine a single path from the root. The basic xlea is that at any node x, 
if x.int does not overlap i, the search always proceecfs-4a a safe direction: the 
search will definitely find an overlapping interval if the t£eb contains one. The 
following theorem states this property more precisely. 

Theorem 14.2 

Any execution of Interval- Search (T, i) either returns a node whose interval 
overlaps i , or it returns T. nil and the tree T contains no node whose interval over- 
laps i . 
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(a) (b) 



Figure 14.5 MpJervals in the proof of Theorem 14.2. The value of x. left. max is shown in each case 
as a dashed lineij£) The search goes right. No interval i' in x's left subtree can overlap i. (b) The 
search goes left, Thkleft subtree of x contains an interval that overlaps ;' (situation not shown), 
or x's left subtree comains an interval V such that V .high = x. left. max. Since i does not overlap (', 
neither does it overlapvairyanterval i" in x's right subtree, since i' .low < i" .low. 

c. 



Proof The while loop o&lines 2-5 terminates either when x = T. nil or i over- 
laps x.int. In the latter case^it is certainly correct to return x. Therefore, we focus 
on the former case, in whic^ftje while loop terminates because x = T. nil. 
We use the following invariiint for the while loop of lines 2-5: 

If tree T contains an intervilPfhat overlaps i, then the subtree rooted at x 
contains such an interval. 

We use this loop invariant as follows: 

Initialization: Prior to the first iteratioiOtne 1 sets x to be the root of T, so that 
the invariant holds. 

Maintenance: Each iteration of the while loo^(e)cecutes either line 4 or line 5. We 
shall show that both cases maintain the loop irtv^iant. 

If line 5 is executed, then because of the br^nbh condition in line 3, we 
have x.left = T.nil, or x. left. max < i.low. If *x. left = T.nil, the subtree 
rooted at x.left clearly contains no interval that overlaps i, and so setting x 
to x. right maintains the invariant. Suppose, therefore(that x.left ^ T.nil and 
x.left. max < i.low. As Figure 14.5(a) shows, for each^Hjterval V in x's left 
subtree, we have 

V '.high < x.left. max 
< i.low . 

By the interval trichotomy, therefore, V and i do not overlap. Thus, the left 
subtree of x contains no intervals that overlap i, so that setting x to x. right 
maintains the invariant. 
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If, on the other hand, line 4 is executed, then we will show that the contrapos- 
itive of the loop invariant holds. That is, if the subtree rooted at x.left con- 
^\ tains no interval overlapping i , then no interval anywhere in the tree overlaps i . 
Since line 4 is executed, then because of the branch condition in line 3, we 
r\)have x.left. max > i.low. Moreover, by definition of the max attribute, x's left 
y«f^btree must contain some interval i ' such that 

i'fygh = x.left. max 
^ > > i . low . 

(Figure -^A. 5(b) illustrates the situation.) Since i and V do not overlap, and 
since it is<*fc)): true that V .high < i.low, it follows by the interval trichotomy 
that i . high low. Interval trees are keyed on the low endpoints of intervals, 
and thus the se^&ch-tree property implies that for any interval i" in x's right 
subtree, 

i . high < i' .low 

By the interval trichotomj^) and i" do not overlap. We conclude that whether 
or not any interval in x 's lefj: subtree overlaps i , setting x to x . left maintains 
the invariant. 

Termination: If the loop terminate^vvhen x = T.nil, then the subtree rooted at x 
contains no interval overlapping /QThe contrapositive of the loop invariant 
implies that T contains no interval th^)overlaps i . Hence it is correct to return 
x = T.nil. i C\ ■ 

Thus, the Interval-Search procedure wo@ correctly. 

Exercises • 

14.3-1 ^ Q 

Write pseudocode for Left-Rotate that operates on noa^in an interval tree and 
updates the max attributes in 0(1) time. < 

14.3-2 

Rewrite the code for Interval-Search so that it works properly when all inter- 
vals are open. 

14.3-3 

Describe an efficient algorithm that, given an interval i , returns an interval over- 
lapping i that has the minimum low endpoint, or T. nil if no such interval exists. 
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^ 14.3-4 

, Given an interval tree T and an interval i, describe how to list all intervals in T 
•^ftiat overlap i in 0(min(«, k lg«)) time, where k is the number of intervals in the 
«™ut list. {Hint: One simple method makes several queries, modifying the tree 
be^pen queries. A slightly more complicated method does not modify the tree.) 

14.3$ 

SuggesVmodifications to the interval-tree procedures to support the new opera- 
tion lNTB^AL-SEARCH-EXACTLY(r, /'), where T is an interval tree and i is 
an interval. x'The. operation should return a pointer to a node x in T such that 
x. int. low — lOow and x. int. high = i.high, or T.nil if T contains no such node. 
All operations, "Including Interval-Search-Exactly, should run in 0(\gn) 
time on an «-node\|J)terval tree. 

c 

14.3-6 \V 

Show how to maintain adynamic set Q of numbers that supports the operation 
Min-Gap, which gives me^magnitude of the difference of the two closest num- 
bers in Q. For example, tf*Q\= {1, 5, 9, 15, 18, 22}, then MlN-GAP(g) returns 
18 — 15 = 3, since 15 and Is ase the two closest numbers in Q. Make the op- 
erations Insert, Delete, Search, and Min-Gap as efficient as possible, and 
analyze their running times. * 

14.3-7 ★ 

VLSI databases commonly represent @ integrated circuit as a list of rectan- 
gles. Assume that each rectangle is rec^^early oriented (sides parallel to the 
x- and j-axes), so that we represent a rectan^ by its minimum and maximum x- 
and j -coordinates. Give an 0(n lg n)-time alge^bhm to decide whether or not a set 
of n rectangles so represented contains two rectar^gtp that overlap. Your algorithm 
need not report all intersecting pairs, but it must rep^ that an overlap exists if one 
rectangle entirely covers another, even if the boundary lines do not intersect. (Hint: 
Move a "sweep" line across the set of rectangles.) ^->^ 

£ 

Problems 



14-1 Point of maximum overlap 

Suppose that we wish to keep track of a point of maximum overlap in a set of 
intervals— a point with the largest number of intervals in the set that overlap it. 

a. Show that there will always be a point of maximum overlap that is an endpoint 
of one of the segments. 
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b. Design a data structure that efficiently supports the operations Interval- 
, Insert, Interval-Delete, and Find-POM, which returns a point of max- 

^\ imum overlap. {Hint: Keep a red-black tree of all the endpoints. Associate 
Yj a value of + 1 with each left endpoint, and associate a value of — 1 with each 
rO)right endpoint. Augment each node of the tree with some extra information to 
yffmintain the point of maximum overlap.) 

*<S> 

14-2 ^ephus permutation 

We defmQ^rhe Josephus problem as follows. Suppose that n people form a circle 
and that we&r*e given a positive integer m < n. Beginning with a designated 
first person, NYjgkiroceed around the circle, removing every mth person. After each 
person is removed^ counting continues around the circle that remains. This process 
continues until we h^ve removed all n people. The order in which the people are 
removed from the circle defines the {n, m)- Josephus permutation of the integers 
1, 2, . . . , n. For example^the (7, 3)-Josephus permutation is (3, 6, 2, 7, 5, 1, 4). 

a. Suppose that m is a c^pfctant. Describe an 0(n)-time algorithm that, given an 
integer n , outputs the -Josephus permutation. 

b. Suppose that m is not a constant. Describe an 0(n lg/j)-time algorithm that, 
given integers n and m, outpute'Sie (n, m)-Josephus permutation. 



Q- 
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\. 

In their book, Preparata and Shamos [282L^teJcribe several of the interval trees 
that appear in the literature, citing work by HTCdelsbrunner (1980) and E. M. 
McCreight (1981). The book details an intervaT^e that, given a static database 
of n intervals, allows us to enumerate all k intervals that overlap a given query 
interval in 0(k + lg n) time. ^ 
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Introduction ^ 



This part covers three important techniques used in designing and analyzing effi- 
cient algorithms: dynamic programming (Chapter 15), greedy algorithms (Chap- 
ter 16), and amortized analysis (Chapter 17). Earlier parts have presented other 
widely applicable techniques, sucJvSs divide-and-conquer, randomization, and how 
to solve recurrences. The techniques inMhis part are somewhat more sophisticated, 
but they help us to attack many computational problems. The themes introduced in 
this part will recur later in this book. 

Dynamic programming typically appiiBsto optimization problems in which we 
make a set of choices in order to arrive m an optimal solution. As we make 
each choice, subproblems of the same forffixizten arise. Dynamic programming 
is effective when a given subproblem may arisGrom more than one partial set of 
choices; the key technique is to store the solution tqeach such subproblem in case it 
should reappear. Chapter 15 shows how this simpleidea can sometimes transform 
exponential-time algorithms into polynomial-time algorithms. 

Like dynamic-programming algorithms, greedy alg($n)hms typically apply to 
optimization problems in which we make a set of choices^m order to arrive at an 
optimal solution. The idea of a greedy algorithm is to make each choice in a locally 
optimal manner. A simple example is coin-changing: to minimize the number of 
U.S. coins needed to make change for a given amount, we can repeatedly select 
the largest-denomination coin that is not larger than the amount that remains. A 
greedy approach provides an optimal solution for many such problems much more 
quickly than would a dynamic-programming approach. We cannot always easily 
tell whether a greedy approach will be effective, however. Chapter 16 introduces 
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matroid theory, which provides a mathematical basis that can help us to show that 
a greedy algorithm yields an optimal solution. 
^\ We use amortized analysis to analyze certain algorithms that perform a sequence 
■ernsimilar operations. Instead of bounding the cost of the sequence of operations 
by(jS§mnding the actual cost of each operation separately, an amortized analysis 
pro^dws a bound on the actual cost of the entire sequence. One advantage of this 
appix>aOTr\is that although some operations might be expensive, many others might 
be cheap./fa other words, many of the operations might run in well under the worst- 
case timeSXffiortized analysis is not just an analysis tool, however; it is also a way 
of thinking aoout the design of algorithms, since the design of an algorithm and the 
analysis of its^njjmiing time are often closely intertwined. Chapter 17 introduces 
three ways to perform an amortized analysis of an algorithm. 

O 

X 



15 • _ Dynamic Programming 

% 

Dynamic programming, like the divide-and-conquer method, solves problems by 
combining the smuHpns to subproblems. ("Programming" in this context refers 
to a tabular method, net to writing computer code.) As we saw in Chapters 2 
and 4, divide-and-conqujs^ algorithms partition the problem into disjoint subprob- 
lems, solve the subprobHeras recursively, and then combine their solutions to solve 
the original problem. In cormsast, dynamic programming applies when the subprob- 
lems overlap— that is, when, subproblems share subsubproblems. In this context, 
a divide-and-conquer algorithm^ does more work than necessary, repeatedly solv- 
ing the common subsubproblems. A>dynamic -programming algorithm solves each 
subsubproblem just once and fhen©ves its answer in a table, thereby avoiding the 
work of recomputing the answer eve^y Ime it solves each subsubproblem. 

We typically apply dynamic progran@ing to optimization problems. Such prob- 
lems can have many possible solutions. ^^)sh solution has a value, and we wish to 
find a solution with the optimal (minimum^tor maximum) value. We call such a 
solution an optimal solution to the problem^^ opposed to the optimal solution, 
since there may be several solutions that achiev£""fche optimal value. 

When developing a dynamic-programming alg^ftfhm, we follow a sequence of 
four steps: 

1 . Characterize the structure of an optimal solution. 



2. Recursively define the value of an optimal solution. Oa 

3. Compute the value of an optimal solution, typically in a<oottom-up fashion. 

4. Construct an optimal solution from computed information. 

Steps 1-3 form the basis of a dynamic-programming solution to a problem. If we 
need only the value of an optimal solution, and not the solution itself, then we 
can omit step 4. When we do perform step 4, we sometimes maintain additional 
information during step 3 so that we can easily construct an optimal solution. 

The sections that follow use the dynamic -programming method to solve some 
optimization problems. Section 15.1 examines the problem of cutting a rod into 
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rods of smaller length in way that maximizes their total value. Section 15.2 asks 
, how we can multiply a chain of matrices while performing the fewest total scalar 
•^multiplications. Given these examples of dynamic programming, Section 15.3 dis- 
«lj)ses two key characteristics that a problem must have for dynamic programming 
to<b&a viable solution technique. Section 15.4 then shows how to find the longest 
com^rai subsequence of two sequences via dynamic programming. Finally, Sec- 
tion lo/fruses dynamic programming to construct binary search trees that are opti- 
mal, givepra known distribution of keys to be looked up. 



15.1 Rod cutting 



Our first example use&dynamic programming to solve a simple problem in decid- 
ing where to cut steer rojdS. Serling Enterprises buys long steel rods and cuts them 
into shorter rods, which it^ien sells. Each cut is free. The management of Serling 
Enterprises wants to know the best way to cut up the rods. 

We assume that we knownfef i = 1,2 the price p t in dollars that Serling 

Enterprises charges for a rod of -tengfh i inches. Rod lengths are always an integral 
number of inches. Figure 15.1 gives a sample price table. 

The rod-cutting problem is the*foU*wing. Given a rod of length n inches and a 
table of prices p t for i = 1,2,... , H/deJermine the maximum revenue r n obtain- 
able by cutting up the rod and selling NJe pieces. Note that if the price p n for a rod 
of length n is large enough, an optimal sxiUition may require no cutting at all. 

Consider the case when n = 4. Figure^^>2 shows all the ways to cut up a rod 
of 4 inches in length, including the way witt$k> cuts at all. We see that cutting a 
4-inch rod into two 2-inch pieces produces rey^ni)e p 2 + Pi = 5 + 5 = 10, which 
is optimal. Q 

We can cut up a rod of length n in 2" _1 differe^ways, since we have an in- 
dependent option of cutting, or not cutting, at distanc^ i inches from the left end, 



length i 


12 3 4 


5 


6 


7 8 


9 


10 


price pj 


15 8 9 


10 


17 


17 20 


24 


30 



Figure 15.1 A sample price table for rods. Each rod of length ( inches earns the company p ( - 
dollars of revenue. 
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(a*X (b) (c) (d) 

(T)(h(rm obd^ob (bbobob abababob 

(e) (f) (g) (h) 

Figure 15.2 Th«^>Lpossible ways of cutting up a rod of length 4. Above each piece is the 
value of that piece\gcc(jrding to the sample price chart of Figure 15.1. The optimal strategy is 
part (c) — cutting the rcramto two pieces of length 2 — which has total value 10. 

for i = 1, 2 n — We denote a decomposition into pieces using ordinary 

additive notation, so that<^>= 2 + 2 + 3 indicates that a rod of length 7 is cut into 
three pieces— two of length^ and one of length 3. If an optimal solution cuts the 
rod into k pieces, for some 1 ®fe < n, then an optimal decomposition 



Ph + Ph + • • • + Ph 



n = h + i 2 -\ Vik * ^ 

of the rod into pieces of lengths z'i,\^ • ■ ■ > h provides maximum corresponding 
revenue Q 

For our sample problem, we can determ^Jhe optimal revenue figures r, , for 
i = 1, 2, . . . , 10, by inspection, with the corresponding optimal decompositions 

^ 

If we required the pieces to be cut in order of nondecreasing/SrXe, there would be fewer ways 
to consider. For n = 4, we would consider only 5 such waysV .parts (a), (b), (c), (e), and (h) 
in Figure 15.2. The number of ways is called the partition functiott^fL is approximately equal to 
e 7rV 2 n/3/4 WN /3 This quantity is less than 2" _1 , but still much greatep?han any polynomial in n. 
We shall not pursue this line of inquiry further, however. 
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from solution 1 = 1 (no cuts) , 
from solution 2 = 2 (no cuts) , 
from solution 3 = 3 (no cuts) , 
from solution 4 = 2 + 2, 
from solution 5 = 2 + 3, 
from solution 6 = 6 (no cuts) , 
from solution 7 = 1 + 6 or 7 = 2 + 2 + 3, 
from solution 8 = 2 + 6, 
_5\from solution 9 = 3 + 6, 
30 vfropi solution 10=10 (no cuts) . 

More generally) we can frame the values r n for n > 1 in terms of optimal rev- 
enues from shorte^lpds: 

r n = max (p n , r \ + ^^^,<r 2 + r „_2, . . . , r „_i + ri). (15.1) 

The first argument, p n , corresponds to making no cuts at all and selling the rod of 
length n as is. The other n arguments to max correspond to the maximum rev- 
enue obtained by making an in-ffial cut of the rod into two pieces of size i and n — i, 
for each i = 1,2, ...,« — 1, a^d then optimally cutting up those pieces further, 
obtaining revenues r t and r„_, Worn those two pieces. Since we don't know ahead 
of time which value of i optimizes re*&nue, we have to consider all possible values 
for i and pick the one that maximizeVre)>enue. We also have the option of picking 
no i at all if we can obtain more revenaeAy selling the rod uncut. 

Note that to solve the original problem-p£ size n , we solve smaller problems of 
the same type, but of smaller sizes. Onceos^jnake the first cut, we may consider 
the two pieces as independent instances of t«efod-cutting problem. The overall 
optimal solution incorporates optimal soluti«rkAo the two related subproblems, 
maximizing revenue from each of those two pieGL-We say that the rod-cutting 
problem exhibits optimal substructure: optimal soKyibns to a problem incorporate 
optimal solutions to related subproblems, which we may solve independently. 

In a related, but slightly simpler, way to arrange a reciijrsive structure for the rod- 
cutting problem, we view a decomposition as consisting dQ first piece of length i 
cut off the left-hand end, and then a right-hand remainder , <^ength n — i. Only 
the remainder, and not the first piece, may be further divided. We may view every 
decomposition of a length-« rod in this way: as a first piece followed by some 
decomposition of the remainder. When doing so, we can couch the solution with 
no cuts at all as saying that the first piece has size i = n and revenue p n and that 
the remainder has size 0 with corresponding revenue r 0 = 0. We thus obtain the 
following simpler version of equation (15.1): 

r„ = max {p t + r„_ ; ) . (15.2) 

Ki<n 
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In this formulation, an optimal solution embodies the solution to only one related 
subproblem— the remainder— rather than two. 

'^Recursive top-down implementation 

following procedure implements the computation implicit in equation (15.2) 
^ightforward, top-down, recursive manner. 




CUT-R&»to,n) 

1 if n =^0_>' 

2 retutaji) 

3 q = — oo <r 

4 for i = 1 toM\> 

5 q = max(^, pJi] + Cut-Rod(/?, n - i)) 

6 return q \ v 

Procedure Cut-Rod takes as input an array p[l . . n] of prices and an integer n, 
and it returns the maximunfjrtevenue possible for a rod of length n. If n = 0, no 
revenue is possible, and so (^)T-ROD returns 0 in line 2. Line 3 initializes the 
maximum revenue q to — oo, so. that the for loop in lines 4-5 correctly computes 
q = maxi <,<„(/>, + CUT-ROD(j i >^m— /)); line 6 then returns this value. A simple 
induction on n proves that this answer is equal to the desired answer r„, using 
equation (15.2). Q 

If you were to code up Cut-Rod in yopNfavorite programming language and run 
it on your computer, you would find that'onse the input size becomes moderately 
large, your program would take a long time joAin. For n = 40, you would find that 
your program takes at least several minutes, aiifwiiost likely more than an hour. In 
fact, you would find that each time you increase^/vby 1, your program's running 
time would approximately double. 

Why is Cut-Rod so inefficient? The problem # is that Cut-Rod calls itself 
recursively over and over again with the same parameter values; it solves the 
same subproblems repeatedly. Figure 15.3 illustrates waat happens for n = 4: 
CuT-ROD(p,«) calls Cut-Rod(j9, n - i) for i = \^ip..,n. Equivalently, 
Cut-Rod(/>,«) calls Cut-Rod(/7, j) for each j = 0, 1, — 1. When this 
process unfolds recursively, the amount of work done, as a function of n, grows 
explosively. 

To analyze the running time of Cut-Rod, let T(n) denote the total number of 
calls made to Cut-Rod when called with its second parameter equal to n. This 
expression equals the number of nodes in a subtree whose root is labeled n in the 
recursion tree. The count includes the initial call at its root. Thus, T(0) = 1 and 
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Figure 15.3 The recursion tree showing recursive calls resulting from a call CUT-ROD(p, n) for 
n = 4. Each node laOeLglves the size n of the corresponding subproblem, so that an edge from 
a parent with label .? to avchijiwith label t corresponds to cutting off an initial piece of size s — t 
and leaving a remaining suVfroblem of size t . A path from the root to a leaf corresponds to one of 
the 2 n ~ ways of cutting up of length n. In general, this recursion tree has 2" nodes and 2" 
leaves. 

7» = 1 + £>(/')• (15.3) 



The initial 1 is for the call at the root>arid>the term T(J ) counts the number of calls 
(including recursive calls) due to the &L1 Cut-Rod(/?, « — i), where j = n — i. 
As Exercise 15.1-1 asks you to show, O 

T(n) = 2" , (15.4) 

and so the running time of Cut-Rod is expon«(fvt}al in n. 

In retrospect, this exponential running time is(fi^t so surprising. Cut-Rod ex- 
plicitly considers all the 2" _1 possible ways of cutting up a rod of length n. The 
tree of recursive calls has 2" _1 leaves, one for each possible way of cutting up the 
rod. The labels on the simple path from the root to a leaf give the sizes of each 
remaining right-hand piece before making each cut. That>is, the labels give the 
corresponding cut points, measured from the right-hand enti^f the rod. 

Using dynamic programming for optimal rod cutting 

We now show how to convert Cut- ROD into an efficient algorithm, using dynamic 
programming. 

The dynamic -programming method works as follows. Having observed that a 
naive recursive solution is inefficient because it solves the same subproblems re- 
peatedly, we arrange for each subproblem to be solved only once, saving its solu- 
tion. If we need to refer to this subproblem's solution again later, we can just look it 
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up, rather than recompute it. Dynamic programming thus uses additional memory 
to save computation time; it serves an example of a time-memory trade-off. The 
^\ savings may be dramatic: an exponential-time solution may be transformed into a 
v^nolynomial-time solution. A dynamic -programming approach runs in polynomial 
" when the number of distinct subproblems involved is polynomial in the input 
nd we can solve each such subproblem in polynomial time. 

are usually two equivalent ways to implement a dynamic-programming 
appro^cir\ We shall illustrate both of them with our rod-cutting example. 

The rrrs>approach is top-down with memoization. 2 In this approach, we write 
the procedure recursively in a natural manner, but modified to save the result of 
each subproblem (usually in an array or hash table). The procedure now first checks 
to see whether -ar has previously solved this subproblem. If so, it returns the saved 
value, saving furtftej>computation at this level; if not, the procedure computes the 
value in the usual manner. We say that the recursive procedure has been memoized; 
it "remembers" whab^esults it has computed previously. 

The second approaches the bottom-up method. This approach typically depends 
on some natural notion oXfhe "size" of a subproblem, such that solving any par- 
ticular subproblem depend^only on solving "smaller" subproblems. We sort the 
subproblems by size and sol\(S^hem in size order, smallest first. When solving a 
particular subproblem, we have.already solved all of the smaller subproblems its 
solution depends upon, and we l^p saved their solutions. We solve each sub- 
problem only once, and when we >f^s\ see it, we have already solved all of its 
prerequisite subproblems. Q 

These two approaches yield algorithm«~with the same asymptotic running time, 
except in unusual circumstances where^mertop-down approach does not actually 
recurse to examine all possible subproblerrrel^The bottom-up approach often has 
much better constant factors, since it has less overhead for procedure calls. 

Here is the the pseudocode for the top-down^W-ROD procedure, with memo- 
ization added: ^ 

Memoized-Cut-Rod (p, n) 

1 let r[0 . . n] be a new array Q-S 

2 for i = 0 to n V* 

3 r[i] = — oo 

4 return Memoized-Cut-Rod- Aux (p, n , r) 



This is not a misspelling. The word really is memoization, not memorization. Memoization comes 
from memo, since the technique consists of recording a value so that we can look it up later. 
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Memoized-Cut-Rod- Aux (p,n,r) 

1 if r[«] > 0 

return r[n] 
\)ifn == 0 

4 $>>q = 0 

5 e&spq = — oo 

6 (S^r i = 1 to « 

7 0^ = max(<7, /?[/'] + Memoized-Cut-Rod-Aux(j>, » — ?',r)) 

8 r[n] 

9 return q \>' 

o 

Here, the maijfpsocedure Memoized-Cut-Rod initializes a new auxiliary ar- 
ray r[0 . . «] with me>yalue — oo, a convenient choice with which to denote "un- 
known." (Known revenue values are always nonnegative.) It then calls its helper 
routine, Memoized-0{jTjRod-Aux. 

The procedure Memoked-Cut-Rod-Aux is just the memoized version of our 
previous procedure, CUT-R^pb^ It first checks in line 1 to see whether the desired 
value is already known and,Qf it is, then line 2 returns it. Otherwise, lines 3-7 
compute the desired value q in ((Kb usual manner, line 8 saves it in r[n], and line 9 
returns it. • « 

The bottom-up version is even sh@ler: 

Bottom-Up-Cut-Rod (p,n) Q 

1 let r [0 . . n] be a new array (\ 

2 r[0] = 0 ^ 

3 for j = 1 to n ^\ 

4 q = -oo O 

5 for i = 1 to j 

6 q = max(^, p[i] + r[j — i]) 

7 r[j] = q * Q 

8 return r[«] 

For the bottom-up dynamic -programming approach, BO^OM-Up-Cut-Rod 
uses the natural ordering of the subproblems: a problem of size i is "smaller" 
than a subproblem of size j if i < j . Thus, the procedure solves subproblems of 
sizes j = 0, 1, . . . ,n, in that order. 

Line 1 of procedure Bottom-Up-Cut-Rod creates a new array r[0..n] in 
which to save the results of the subproblems, and line 2 initializes r [0] to 0, since 
a rod of length 0 earns no revenue. Lines 3-6 solve each subproblem of size j , for 
j = 1, 2, ...,«, in order of increasing size. The approach used to solve a problem 
of a particular size j is the same as that used by Cut- ROD, except that line 6 now 
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Figure 15.4 The .sijhproblem graph for the rod-cutting problem with n = 4. The vertex labels 
give the sizes of thexgSifesponding subproblems. A directed edge (x, y) indicates that we need a 
solution to subproblerrky wfi£n solving subproblem x. This graph is a reduced version of the tree of 
Figure 15.3, in which allVrodes with the same label are collapsed into a single vertex and all edges 
go from parent to child. 

directly references array emfry r[j — i] instead of making a recursive call to solve 
the subproblem of size j — i ^T)ine 7 saves in r [j ] the solution to the subproblem 
of size j . Finally, line 8 returns / [n], which equals the optimal value r„ . 

The bottom-up and top-down >£™ions have the same asymptotic running time. 
The running time of procedure B^TTOM-Up-Cut-Rod is ®(n 2 ), due to its 
doubly-nested loop structure. The number of iterations of its inner for loop, in 
lines 5-6, forms an arithmetic series. Tharmining time of its top-down counterpart, 
Memoized-Cut-Rod, is also 0(« 2 ), "although this running time may be a little 
harder to see. Because a recursive call to^so&e a previously solved subproblem 
returns immediately, Memoized-Cut-Rod sokes each subproblem just once. It 

solves subproblems for sizes 0, 1 n. To sorve» subproblem of size n, the for 

loop of lines 6-7 iterates n times. Thus, the totaNnumber of iterations of this for 
loop, over all recursive calls of M EMOlZED-CUT-RftD_forms an arithmetic series, 
giving a total of 0(« 2 ) iterations, just like the innervfor loop of BOTTOM-UP- 
Cut-Rod. (We actually are using a form of aggregate aQlysis here. We shall see 
aggregate analysis in detail in Section 17.1.) <0 



Subproblem graphs 

When we think about a dynamic -programming problem, we should understand the 
set of subproblems involved and how subproblems depend on one another. 

The subproblem graph for the problem embodies exactly this information. Fig- 
ure 15.4 shows the subproblem graph for the rod-cutting problem with n = 4. It 
is a directed graph, containing one vertex for each distinct subproblem. The sub- 



Chapter 15 Dynamic Programming 



problem graph has a directed edge from the vertex for subproblem x to the vertex 
for subproblem y if determining an optimal solution for subproblem x involves 
^Sirectly considering an optimal solution for subproblem y. For example, the sub- 
fifoblem graph contains an edge from x to y if a top-down recursive procedure for 
soWjig x directly calls itself to solve y. We can think of the subproblem graph 
as a traduced" or "collapsed" version of the recursion tree for the top-down recur- 
sive inethpd, in which we coalesce all nodes for the same subproblem into a single 
vertex ahdrdirect all edges from parent to child. 

The bottom-up method for dynamic programming considers the vertices of the 
subproblem waph in such an order that we solve the subproblems y adjacent to 
a given subproWgm x before we solve subproblem x. (Recall from Section B.4 
that the adjacency relation is not necessarily symmetric.) Using the terminology 
from Chapter 22, in)a hottom-up dynamic -programming algorithm, we consider the 
vertices of the subprablem graph in an order that is a "reverse topological sort," or 
a "topological sort of fhp transpose" (see Section 22.4) of the subproblem graph. In 
other words, no subproblgrnis considered until all of the subproblems it depends 
upon have been solved. Similarly, using notions from the same chapter, we can 
view the top-down method memoization) for dynamic programming as a 

"depth-first search" of the subp^lem graph (see Section 22.3). 

The size of the subproblem grarjh G = (V, E) can help us determine the running 
time of the dynamic programming a+^brithm. Since we solve each subproblem just 
once, the running time is the sum of^ie^times needed to solve each subproblem. 
Typically, the time to compute the solutjc^ to a subproblem is proportional to the 
degree (number of outgoing edges) of the etwresponding vertex in the subproblem 
graph, and the number of subproblems is e^SaRo the number of vertices in the sub- 
problem graph. In this common case, the rmm&g time of dynamic programming 
is linear in the number of vertices and edges. ~J->^ 

o 

Reconstructing a solution 

• 

Our dynamic-programming solutions to the rod-cutting ^nfclem return the value of 
an optimal solution, but they do not return an actual solut(g^: a list of piece sizes. 
We can extend the dynamic-programming approach to recof^jot only the optimal 
value computed for each subproblem, but also a choice that led to the optimal 
value. With this information, we can readily print an optimal solution. 

Here is an extended version of Bottom-Up-Cut-Rod that computes, for each 
rod size j , not only the maximum revenue r y - , but also Sj , the optimal size of the 
first piece to cut off: 
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Extended-Bottom-Up-Cut-Rod (p,n) 
1 let r [0 . . n] and s[0 . . n] be new arrays 
\S>£ r[0] = 0 

for j = I ton 
(2p v ^ = —oo 
50 for i 1 = 1 to j 
6 0 if <7 </>[*'] + r[/ -i] 



r\j>'= 



10 return r^atod s 



This procedure iVsjj^iilar to Bottom-Up-Cut-Rod, except that it creates the ar- 
ray s in line 1, ana- it updates s[j] in line 8 to hold the optimal size i of the first 
piece to cut off wher^<so^ing a subproblem of size j . 

The following procedure takes a price table p and a rod size n, and it calls 
Extended - B ottom - U^Cut- Rod to compute the array s[l..n] of optimal 
first-piece sizes and then p^nts out the complete list of piece sizes in an optimal 
decomposition of a rod of len^fck n : 

Print-Cut-Rod-Solution (p,l{£) 

1 (r, s) = Extended-Bottom-'^p > -Cut-Rod(j9,«) 

2 while n > 0 O 

3 print s[n] 

4 n = n — s[n] \§l 

In our rod-cutting example, the call Extendb^Bottom-Up-Cut-Rod(/», 10) 
would return the following arrays: ^\ 

\ 

A call to Print-Cut-Rod-Solution (p, 10) would print ^ust 10, but a call with 
n = 7 would print the cuts 1 and 6, corresponding to the first optimal decomposi- 
tion for r 7 given earlier. 



i 


0 


1 


2 3 


4 


5 


6 


7 


8 


9 


10 


r[i] 


0 


1 


5 8 


10 


13 


17 


18 


22 


25 


30 


s[i] 


0 


1 


2 3 


2 


2 


6 


1 


2 


3 


10 



Exercises 
15.1-1 

Show that equation (15.4) follows from equation (15.3) and the initial condition 
T(0) = 1. 
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^ 15.1-2 

. Show, by means of a counterexample, that the following "greedy" strategy does 
•^hot always determine an optimal way to cut rods. Define the density of a rod of 
■iength i to be p t / i , that is, its value per inch. The greedy strategy for a rod of 
leajih n cuts off a first piece of length i, where 1 < i < n, having maximum 
densjm It then continues by applying the greedy strategy to the remaining piece of 
lengtff^j-z. 

15.1-3 O 

Consider a ^Modification of the rod-cutting problem in which, in addition to a 
price pi for ea^n rod, each cut incurs a fixed cost of c. The revenue associated with 
a solution is now^the sum of the prices of the pieces minus the costs of making the 
cuts. Give a dynafq^-Drogramming algorithm to solve this modified problem. 

15.1-4 

Modify Memoized-Cut^&OD to return not only the value but the actual solution, 

0 

15.1-5 C 

The Fibonacci numbers are defined by recurrence (3.22). Give an 0(«)-time 
dynamic -programming algorithm <o compute the nth Fibonacci number. Draw the 
subproblem graph. How many verti© and edges are in the graph? 

0* 

15.2 Matrix-chain multiplication tft 

Our next example of dynamic programming is an ^orithm that solves the problem 
of matrix-chain multiplication. We are given a sequence (chain) (A lt A 2 , . . . , A„) 
of n matrices to be multiplied, and we wish to compute the product 

A X A 2 ---A n . O (15-5) 

We can evaluate the expression (15.5) using the standard afearithm for multiply- 
ing pahs of matrices as a subroutine once we have parenthesized it to resolve all 
ambiguities in how the matrices are multiplied together. Matrix multiplication is 
associative, and so all parenthesizations yield the same product. A product of ma- 
trices is fully parenthesized if it is either a single matrix or the product of two fully 
parenthesized matrix products, surrounded by parentheses. For example, if the 
chain of matrices is {A v , A 2 , A 3 , A 4 ), then we can fully parenthesize the product 
A\A 2 A 3 A 4 in five distinct ways: 
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(A 1 (A 2 (A 3 A 4 ))) . 
(4 1 ((4 2 4 3 )4 4 )) , 

X ^((A 1 A 2 )(A 3 A 4 )), 
<SUAi(A 2 A 3 ))A 4 ) , 
^i l A 2 )A 3 )A 4 ) . 

we parenthesize a chain of matrices can have a dramatic impact on the cost 
of evirating the product. Consider first the cost of multiplying two matrices. The 
standar^tlgorithm is given by the following pseudocode, which generalizes the 
Square><^lTRIX-Multiply procedure from Section 4.2. The attributes rows 
and column^Jtre the numbers of rows and columns in a matrix. 

V) 

MATRIX-MUUf^^Y (A, B) 

1 if A. columns ^^.rows 

2 error "incompatible dimensions" 

3 else let C be a n&^J^rows x B. columns matrix 

4 for i = 1 to A:rcfws 

5 for 7 = 1 tb^B^olumns 

6 ° iJ = ° to 

7 for k = 1 toM . columns 

8 Cy = Cy n-OA ■ &/fc/ 

9 return C \J > 

We can multiply two matrices A and iTgnly if they are compatible: the number of 
columns of A must equal the number of^p^s of B. If A is a /? x q matrix and B is 
a q x r matrix, the resulting matrix C is a r matrix. The time to compute C is 
dominated by the number of scalar multiplic^^ns in line 8, which is pqr. In what 
follows, we shall express costs in terms of the number of scalar multiplications. 

To illustrate the different costs incurred by diffep^t parenthesizations of a matrix 
product, consider the problem of a chain {A\, A 2 ,A 3 ) of three matrices. Suppose 
that the dimensions of the matrices are 10 x 100,*1QQlx 5, and 5 x 50, respec- 
tively. If we multiply according to the parenthesizatioiiXMx^)^), we perform 

10 • 100-5 = 5000 scalar multiplications to computeNije 10 x 5 matrix prod- 
uct AiA 2 , plus another 10-5-50 = 2500 scalar multiplications to multiply this 
matrix by A 3 , for a total of 7500 scalar multiplications. If instead we multiply 
according to the parenthesization (Ai(A 2 A 3 )), we perform 100 ■ 5 ■ 50 = 25,000 
scalar multiplications to compute the 100 x 50 matrix product A 2 A 3 , plus another 
10 • 100 • 50 = 50,000 scalar multiplications to multiply A 1 by this matrix, for a 
total of 75,000 scalar multiplications. Thus, computing the product according to 
the first parenthesization is 10 times faster. 

We state the matrix-chain multiplication problem as follows: given a chain 
(A 1 ,A 2 , . . . , A n ) of n matrices, where for i = 1,2,..., n, matrix A t has dimension 
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Pi-i x fully parenthesize the product A Y A 2 ■ ■ ■ A„ in a way that minimizes the 
number of scalar multiplications. 

Note that in the matrix-chain multiplication problem, we are not actually multi- 
ffTwing matrices. Our goal is only to determine an order for multiplying matrices 
fh^tOhas the lowest cost. Typically, the time invested in determining this optimal 
ordaf'TS) more than paid for by the time saved later on when actually performing the 
matrix^ multiplications (such as performing only 7500 scalar multiplications instead 
of 75,000/K 

Counting ^^jMlmber of parenthesizations 

Before solving tr^e* matrix-chain multiplication problem by dynamic programming, 
let us convince ou^e^lves that exhaustively checking all possible parenthesizations 
does not yield an ef^cient algorithm. Denote the number of alternative parenthe- 
sizations of a sequenc^)f n matrices by P(n). When n = 1, we have just one 
matrix and therefore onl}(^ne way to fully parenthesize the matrix product. When 
n > 2, a fully parenthesizq^matrix product is the product of two fully parenthe- 
sized matrix subproducts, arjd^he split between the two subproducts may occur 
between the kth and (k + l)st^jatrices for any k = 1,2, ...,« — 1. Thus, we 
obtain the recurrence 

1 if jiQlj, 

Y,P{k)P{n-k) if«>20 (15 ' 6) 

Problem 12-4 asked you to show that the ssJution to a similar recurrence is the 
sequence of Catalan numbers, which grows\*LZ2(4"//? 3/2 ). A simpler exercise 
(see Exercise 15.2-3) is to show that the solution ©the recurrence (15.6) is £2(2"). 
The number of solutions is thus exponential in n , <^nd the brute-force method of 
exhaustive search makes for a poor strategy when determining how to optimally 
parenthesize a matrix chain. (^i. 

Applying dynamic programming vp 

We shall use the dynamic -programming method to determine how to optimally 
parenthesize a matrix chain. In so doing, we shall follow the four-step sequence 
that we stated at the beginning of this chapter: 

1. Characterize the structure of an optimal solution. 

2. Recursively define the value of an optimal solution. 

3. Compute the value of an optimal solution. 



P(n) 



15.2 Matrix-chain multiplication 



373 



4. Construct an optimal solution from computed information. 

r\ We shall go through these steps in order, demonstrating clearly how we apply each 
^J^ep to the problem. 

The structure of an optimal parenthesization 

For o^)first step in the dynamic -programming paradigm, we find the optimal sub- 
structur^Lnd then use it to construct an optimal solution to the problem from opti- 
mal soluti6j)s to subproblems. In the matrix-chain multiplication problem, we can 
perform this^ep as follows. For convenience, let us adopt the notation A(.j, where 
i < j , for ths^jatrix that results from evaluating the product AjA i+1 ••• Aj. Ob- 
serve that if the -pjisblem is nontrivial, i.e., i < j , then to parenthesize the product 
A t A i+ i ■■■ Aj, we^fost split the product between A k and A k+i for some integer k 
in the range i < k <i>.'That is, for some value of k, we first compute the matrices 
Ai..k and Ak+i.j and the^ multiply them together to produce the final product Ai.j. 
The cost of parenthesizrng>this way is the cost of computing the matrix A Lk , plus 
the cost of computing A k jfiX^ plus the cost of multiplying them together. 

The optimal substructure- q£ this problem is as follows. Suppose that to op- 
timally parenthesize AjA i+ i^Aj, we split the product between A k and A k+l . 
Then the way we parenthesize*thg>"prefix" subchain AiA t+ i ■ ■ ■ A k within this 
optimal parenthesization of A, Aj%^) ■ yij must be an optimal parenthesization of 
AjA i+ i ■ ■ ■ A k . Why? If there were a^ess costly way to parenthesize AjA i+1 ■ ■ ■ A k , 
then we could substitute that parenths^ization in the optimal parenthesization 
of AjA i+ i ■■■ Aj to produce another way_^pai - enthesize A{Ai+i •••Aj whose cost 
was lower than the optimum: a contradicti(^) A similar observation holds for how 
we parenthesize the subchain A k+ iA k+2 ■■■^^)in the optimal parenthesization of 
AiA i+ i ■■■ Aj \ it must be an optimal parenfhesi^a)ion of ^4^+1^4^+2 ■■■ Aj. 

Now we use our optimal substructure to show ^ffet we can construct an optimal 
solution to the problem from optimal solutions to su # bproblems. We have seen that 
any solution to a nontrivial instance of the matrix-chayi multiplication problem 
requires us to split the product, and that any optimal soTutrsn contains within it op- 
timal solutions to subproblem instances. Thus, we can bmjrfjan optimal solution to 
an instance of the matrix-chain multiplication problem by spotting the problem into 
two subproblems (optimally parenthesizing AjA i+ i ■■■ A k and A k+ iA k+2 ■ ■ ■ Aj), 
finding optimal solutions to subproblem instances, and then combining these op- 
timal subproblem solutions. We must ensure that when we search for the correct 
place to split the product, we have considered all possible places, so that we are 
sure of having examined the optimal one. 
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Step 2: A recursive solution 



ext, we define the cost of an optimal solution recursively in terms of the optimal 
'spftitions to subproblems. For the matrix-chain multiplication problem, we pick as 
otfr subproblems the problems of determining the minimum cost of parenthesizing 
AjXi±J- ■ ■ Aj for 1 < i < j < n. Let m[i, j] be the minimum number of scalar 
multiplications needed to compute the matrix A t _j ; for the full problem, the lowest- 
cost wayMo compute A 1m _„ would thus be 

We ca rfine m[i,j] recursively as follows. If i = j , the problem is trivial; 
the chain deists of just one matrix A { _j = A,, so that no scalar multiplications 
are necessary"^ compute the product. Thus, m[i, i] = 0 for i = 1,2, ... ,n. To 
compute m [i , /^jUien i < j , we take advantage of the structure of an optimal 
solution from stench. Let us assume that to optimally parenthesize, we split the 
product A t A i+ i ■ ■ ■ ^y^between A^ and A^+i, where i < k < j. Then, m[i,j] 
equals the minimum co^for computing the subproducts A L ^ and Ak+i.j, plus the 
cost of multiplying these^rwo matrices together. Recalling that each matrix A t is 
Pi-i x pi, we see that conwJuting the matrix product ^i.jfc^fc+W takes pi-ip^Pj 
scalar multiplications. ThusfV^ obtain 



m[i,j] = m[i,k] +m[k + 1, Jfy- pi-ip k pj . 

This recursive equation assumed th^t we know the value of k, which we do not. 
There are only j — i possible values rer b» however, namely k = i , i + 1 , . . . , j — 1 . 
Since the optimal parenthesization muS use one of these values for k, we need only 



check them all to find the best. Thus, our^ecursive definition for the minimum cost 
of parenthesizing the product AjA i+ i ■ ■ ■ j^Becomes 

. _ (0 ^ Hi = j , 

A ~ min {m[i, k] + m[k + 1, ;] + Pi-MpA if i < j . (15 " 7) 
I i<k<j )\ 

The m [i , j ] values give the costs of optimal solutions to subproblems, but they 
do not provide all the information we need to construot-^n optimal solution. To 
help us do so, we define s[i, j] to be a value of k at whieh we split the product 
AjA i+ i ■■■ Aj in an optimal parenthesization. That is, s[i, J^dquals a value k such 
fhatm[/,y'] = m[i,k] + m[k + I, j] + p^ip^Pj. / 



Step 3: Computing the optimal costs 

At this point, we could easily write a recursive algorithm based on recurrence (15.7) 
to compute the minimum cost m[l,n] for multiplying A 1 A 2 - ■ ■ A„. As we saw for 
the rod-cutting problem, and as we shall see in Section 15.3, this recursive algo- 
rithm takes exponential time, which is no better than the brute-force method of 
checking each way of parenthesizing the product. 
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Observe that we have relatively few distinct subproblems: one subproblem for 
each choice of i and j satisfying 1 < i < j < n, or (") + n = 0(« 2 ) in all. 
A recursive algorithm may encounter each subproblem many times in different 
*'i)ranches of its recursion tree. This property of overlapping subproblems is the 

Snd hallmark of when dynamic programming applies (the first hallmark being 
nal substructure). 

Iffstead of computing the solution to recurrence (15.7) recursively, we compute 
the optimal cost by using a tabular, bottom-up approach. (We present the corre- 
sponding top-down approach using memoization in Section 15.3.) 

We shall implement the tabular, bottom-up method in the procedure Matrix - 
CHAIN-ORDEJ&, which appears below. This procedure assumes that matrix A t 
has dimension*^ x p t for i = 1,2, ...,». Its input is a sequence p = 
(Po> P\-> ■ ■ ■ > /OVv^jere p. length = n + 1. The procedure uses an auxiliary 
table m[l . .n, 1 . .vzj fgr storing the m[i,j] costs and another auxiliary table 
s[l . . n — 1,2. .n] th^records which index of k achieved the optimal cost in com- 
puting m[i, j]. We shal[use the table 5 to construct an optimal solution. 

In order to implement Kh^bottom-up approach, we must determine which entries 
of the table we refer to wh^rr- computing m[i, j]. Equation (15.7) shows that the 
cost m[i, j] of computing a m^x-chain product of + 1 matrices depends only 
on the costs of computing matrix-chain products of fewer than + 1 matrices. 
That is, for k = i,i + the matrix A Lk is a product of k — i + 1 < 

+ 1 matrices and the matrixyAi+i.., is a product of j — k < j — i + 1 
matrices. Thus, the algorithm should n^i the table m in a manner that corresponds 
to solving the parenthesization problem OTMnatrix chains of increasing length. For 
the subproblem of optimally parenthesizTrmKhe chain AjA{ + i ■•• Aj, we consider 
the subproblem size to be the length j — i T^^f the chain. 

Matrix-Chain-Order (p) O 

1 n = p. length — 1 

2 let m[l . . n, 1 . . n] and s[l..n — 1,2. . n] be naw tables 

3 for i = 1 to n Q 

4 m[i,i] = 0 O 

5 for / = 2 to n II I is the chain length 

6 for i = 1 to n — I + 1 

7 j = i + I - 1 

8 m[i, j] = oo 

9 for k = i to j — 1 

10 q = m[i,k] + m[k + l,j] + pi_ x p k pj 

11 if q < m[i, j] 

12 m[i, j] = q 

13 s[i, j] = k 

14 return m and s 
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Figure 15.5 The m and\ tajjtes computed by MATRIX-CHAIN-ORDER for n 
ine matrix dimensions: \ y 



6 and the follow- 



matnx 



dimension 



A 2 



30 x 35 35 x 



A 3 



A 4 



A 6 



5 x 10 10 x 20 20 x 25 



13,000 
7125 , 
11,375 



<^X5 

The tables are rotated so that the maiprfljagonal runs horizontally. The m table uses only the main 
diagonal and upper triangle, and the yHable uses only the upper triangle. The minimum number of 
scalar multiplications to multiply the 6 mmtricps is m[l, 6] = 15,125. Of the darker entries, the pairs 
that have the same shading are taken togetlwj)i line 10 when computing 

to[2,2] +m[3,5] + pip 2 p^= 0 + 2500 + 35-15-20 
m[2, 5] = min < m[2, 3] + m[4, 5] + pip 3 p 5 O2625 + 1000 + 35-5-20 
m[2,4] + m[5,5] + pip 4 p 5 =Ow"J5 + 0 + 35 • 10 ■ 20 
= 7125. u\ 

The algorithm first computes m[i, i] = 0 for 2^*= 1,2, ... ,n (the minimum 
costs for chains of length 1) in lines 3^1. It then uses recurrence (15.7) to compute 
m[i,i + 1] for i = 1, 2, ...,« — 1 (the minimum costs f^chains of length 1 = 2) 
during the first execution of the for loop in lines 5-13. The^cond time through the 
loop, it computes m[i, i+ 2] for i = 1,2,... ,n— 2 (the minimAri costs for chains of 
length / = 3), and so forth. At each step, the m[i, j] cost computed in lines 10-13 
depends only on table entries m[i, k] and m[k + I, j] already computed. 

Figure 15.5 illustrates this procedure on a chain of n = 6 matrices. Since 
we have defined m[i, j] only for / < j , only the portion of the table m strictly 
above the main diagonal is used. The figure shows the table rotated to make the 
main diagonal run horizontally. The matrix chain is listed along the bottom. Us- 
ing this layout, we can find the minimum cost m[i, j] for multiplying a subchain 
AjA i+ i ■■■ Aj of matrices at the intersection of lines running northeast from A t and 
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northwest from Aj . Each horizontal row in the table contains the entries for matrix 
chains of the same length. Matrix-Chain-Order computes the rows from bot- 
^\ torn to top and from left to right within each row. It computes each entry m[i, j] 
vising the products pk Pj for k = i, i + 1, . . . , j — 1 and all entries southwest 
a«0 southeast from m[i, j]. 

^f4imple inspection of the nested loop structure of Matrix-Chain-Order 
yiellflsck running time of 0(n 3 ) for the algorithm. The loops are nested three deep, 
and each-loop index (/, i, and k) takes on at most n — \ values. Exercise 15.2-5 asks 
you to show that the running time of this algorithm is in fact also £2(/7 3 ). The al- 
gorithm retjukes &(n 2 ) space to store the m and s tables. Thus, Matrix-Chain- 
Order is much more efficient than the exponential-time method of enumerating 
all possible paientjiesizations and checking each one. 

Step 4: Constructing^ optimal solution 

Although Matrix-Ch^tn-Order determines the optimal number of scalar mul- 
tiplications needed to compute a matrix-chain product, it does not directly show 
how to multiply the matric^ The table s[l ..n — 1,2. .ft] gives us the informa- 
tion we need to do so. Each^itry s[i, j] records a value of k such that an op- 
timal parenthesization of A^/^i •••Aj splits the product between Ak and Ak+i. 
Thus, we know that the final malj^ multiplication in computing A l M optimally 
is ^4i.. s [i,«]^4j[i, n ]+i..«- We can determine the earlier matrix multiplications recur- 
sively, since s[l, s[\,n]] determines th&4ast matrix multiplication when computing 
Ai.. s [i,n] an d s[s[l, n] + \,n] determineS/the last matrix multiplication when com- 
puting A s [i in ] + i.. n , The following recurve ,orocedure prints an optimal parenthe- 
sization of {A t , A i+ i, . . . , Aj), given the Mable computed by Matrix-Chain- 
Order and the indices i and j . The initial 5sH-£rint-Optimal-Parens (s, 1, n) 
prints an optimal parenthesization of {A i} A 2 , .>J, A n )- 



Print-Optimal-Parens (s, i,j) • 

1 if i == j 

2 print "A" t 

3 else print "(" 

4 Print-Optim al-Parens (s, i, s[i, j]) 

5 Print-Optimal-Parens (s, s + 

6 print ")" 



In the example of Figure 15.5, the call Print-Optimal-Parens (s, 1,6) prints 
the parenthesization ((A 1 (A 2 A 3 ))((A 4 A 5 )A 6 )). 
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*2^. Exercises 
5.2-1 

d an optimal parenthesization of a matrix-chain product whose sequence of 
sions is (5,10,3,12,5,50,6). 

15.T^> 

Give a re cursive algorithm Matrix-Chain-Multiply {A, s, i, j) that actually 
performs (^fe optimal matrix-chain multiplication, given the sequence of matrices 
(Ai, A 2 , . -<^M«>, the s table computed by Matrix-Chain-Order, and the in- 
dices i and j\^he initial call would be Matrix-Chain-Multiply (A, s, 1, «)■) 

15.2-3 ^ 

Use the substitution ^spethod to show that the solution to the recurrence (15.6) 
is Q(2 n ). 

15.2-4 <* 

Describe the subproblem graph for matrix-chain multiplication with an input chain 
of length n. How many verti^e^ does it have? How many edges does it have, and 
which edges are they? 0 

15.2-5 

Let R(i,j) be the number of times~th# table entry m[i,j] is referenced while 
computing other table entries in a call of-MATRlx-CHAlN-ORDER. Show that the 
total number of references for the entire table is 

(Hint: You may find equation (A. 3) useful.) s\ 
15.2-6 • 

Show that a full parenthesization of an n -element expressioii has exactly n — 1 pairs 
of parentheses. 



15.3 Elements of dynamic programming 

Although we have just worked through two examples of the dynamic -programming 
method, you might still be wondering just when the method applies. From an en- 
gineering perspective, when should we look for a dynamic -programming solution 
to a problem? In this section, we examine the two key ingredients that an opti- 
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mization problem must have in order for dynamic programming to apply: optimal 
substructure and overlapping subproblems. We also revisit and discuss more fully 
^\ how memoization might help us take advantage of the overlapping-subproblems 
v-nroperty in a top-down recursive approach. 

Opfpiial substructure 

The ffrsVstep in solving an optimization problem by dynamic programming is to 
characterize the structure of an optimal solution. Recall that a problem exhibits 
optimal substructure if an optimal solution to the problem contains within it opti- 
mal solutiorK to subproblems. Whenever a problem exhibits optimal substructure, 
we have a gockj'clue that dynamic programming might apply. (As Chapter 1 6 dis- 
cusses, it also imght, mean that a greedy strategy applies, however.) In dynamic 
programming, we fynld^an optimal solution to the problem from optimal solutions 
to subproblems. Cofi^quently, we must take care to ensure that the range of sub- 
problems we consider includes those used in an optimal solution. 

We discovered optimaj^jabstructure in both of the problems we have examined 
in this chapter so far. In Section 15.1, we observed that the optimal way of cut- 
ting up a rod of length n (if make any cuts at all) involves optimally cutting 
up the two pieces resulting from the first cut. In Section 15.2, we observed that 
an optimal parenthesization of A^y+i ■•• Aj that splits the product between Ak 
and Ak+\ contains within it optimldsblutions to the problems of parenthesizing 
AiA i+l ■ • • A k and A k+l A k+2 ■ ■ ■ ^i- Q 

You will find yourself following a coromon pattern in discovering optimal sub- 
structure: ^-^fN 

1 . You show that a solution to the problem^eonsists of making a choice, such as 
choosing an initial cut in a rod or choosing afrjndex at which to split the matrix 
chain. Making this choice leaves one or more ^ifbproblems to be solved. 

2. You suppose that for a given problem, you are gy/en the choice that leads to an 
optimal solution. You do not concern yourself ye^tyith how to determine this 
choice. You just assume that it has been given to youQ 

3. Given this choice, you determine which subproblems^jsue and how to best 
characterize the resulting space of subproblems. 

4. You show that the solutions to the subproblems used within an optimal solution 
to the problem must themselves be optimal by using a "cut-and-paste" tech- 
nique. You do so by supposing that each of the subproblem solutions is not 
optimal and then deriving a contradiction. In particular, by "cutting out" the 
nonoptimal solution to each subproblem and "pasting in" the optimal one, you 
show that you can get a better solution to the original problem, thus contradict- 
ing your supposition that you already had an optimal solution. If an optimal 
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solution gives rise to more than one subproblem, they are typically so similar 
that you can modify the cut-and-paste argument for one to apply to the others 
^ .with little effort. 

x'To characterize the space of subproblems, a good rule of thumb says to try to 
keepthfe space as simple as possible and then expand it as necessary. For example, 
the sp^ceof subproblems that we considered for the rod-cutting problem contained 
the prowms of optimally cutting up a rod of length i for each size i . This sub- 
problem ^Jkce worked well, and we had no need to try a more general space of 
subproblem^) 

Conversely^uppose that we had tried to constrain our subproblem space for 
matrix-chain m*fu}plication to matrix products of the form A j A 2 • • • Aj . As before, 
an optimal parenfh^ization must split this product between Ak and A^+i for some 
1 < lc < j . Unless w&could guarantee that k always equals j — 1, we would find 
that we had subproblem^ 'of the form A\A 2 ■■■ A^ and Ak+yA^+2 '"Aj, and that 
the latter subproblem is n<3C of the form AiA 2 • • • Aj. For this problem, we needed 
to allow our subproblems tefyary at "both ends," that is, to allow both i and j to 
vary in the subproblem Aj Ajyfc •• Aj. 

Optimal substructure varies" a^)ss problem domains in two ways: 

1. how many subproblems an optima 1 , solution to the original problem uses, and 



2. how many choices we have in detemaining which subproblem(s) to use in an 
optimal solution. \ 

In the rod-cutting problem, an optimal ^(p)rtion for cutting up a rod of size n 
uses just one subproblem (of size n — i), bi^we must consider n choices for i 
in order to determine which one yields an o^fcjial solution. Matrix-chain mul- 
tiplication for the subchain A,A i+ i ■ ■ ■ Aj serve^s^s an example with two sub- 
problems and j — i choices. For a given matrix at which we split the prod- 
uct, we have two subproblems— parenthesizing AjA i+ i ■■■ A^ and parenthesizing 
A k+l Ak+2 ■■■ Aj —and we must solve both of them optimally. Once we determine 
the optimal solutions to subproblems, we choose from ampns j — i candidates for 
the index k . 



Informally, the running time of a dynamic -programming Algorithm depends on 
the product of two factors: the number of subproblems overall and how many 
choices we look at for each subproblem. In rod cutting, we had 0(«) subproblems 
overall, and at most n choices to examine for each, yielding an 0(« 2 ) running time. 
Matrix-chain multiplication had 0(« 2 ) subproblems overall, and in each we had at 
most n — 1 choices, giving an 0(n 3 ) running time (actually, a 0(« 3 ) running time, 
by Exercise 15.2-5). 

Usually, the subproblem graph gives an alternative way to perform the same 
analysis. Each vertex corresponds to a subproblem, and the choices for a sub- 
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problem are the edges incident to that subproblem. Recall that in rod cutting, 
the subproblem graph had n vertices and at most n edges per vertex, yielding an 
^\ 0(n 2 ) running time. For matrix-chain multiplication, if we were to draw the sub- 
v'nroblem graph, it would have 0(« 2 ) vertices and each vertex would have degree at 
mdpt n — 1, giving a total of 0(n 3 ) vertices and edges. 

Pwiamic programming often uses optimal substructure in a bottom-up fashion. 
Thar kj\we first find optimal solutions to subproblems and, having solved the sub- 
problem^ we find an optimal solution to the problem. Finding an optimal solu- 
tion to ma»roblem entails making a choice among subproblems as to which we 
will use involving the problem. The cost of the problem solution is usually the 
subproblemxxjsts plus a cost that is directly attributable to the choice itself. In 
rod cutting, foirexample, first we solved the subproblems of determining optimal 
ways to cut up reoivaf length i for i = 0, 1, . . . , n — 1, and then we determined 
which such subproblem, yielded an optimal solution for a rod of length n, using 
equation (15.2). The(cost attributable to the choice itself is the term p t in equa- 
tion (15.2). In matrix-^hain multiplication, we determined optimal parenthesiza- 
tions of subchains of AiXLti: • • Aj , and then we chose the matrix at which to 
split the product. The cost a(nributable to the choice itself is the term p,_x pk Pj. 

In Chapter 16, we shall exa^Jne "greedy algorithms," which have many similar- 
ities to dynamic programming. \ji particular, problems to which greedy algorithms 
apply have optimal substructure. 0np major difference between greedy algorithms 
and dynamic programming is that instead of first finding optimal solutions to sub- 
problems and then making an informed choice, greedy algorithms first make a 
"greedy" choice— the choice that looks c^st at the time— and then solve a resulting 
subproblem, without bothering to solve v a(l possible related smaller subproblems. 
Surprisingly, in some cases this strategy work*!. 

Subtleties 

You should be careful not to assume that optimal substructure applies when it does 
not. Consider the following two problems in which*we>are given a directed graph 
G = ( V, E) and vertices u, v € V. 

Unweighted shortest path: 3 Find a path from u to v c^gisting of the fewest 
edges. Such a path must be simple, since removing a cycle from a path pro- 
duces a path with fewer edges. 



3 We use the term "unweighted" to distinguish this problem from that of finding shortest paths with 
weighted edges, which we shall see in Chapters 24 and 25. We can use the breadth-first search 
technique of Chapter 22 to solve the unweighted problem. 
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Figure< / l5J> A directed graph showing that the problem of finding a longest simple path in an 
unweighted directed graph does not have optimal substructure. The path q r — >■ t is a longest 
simple path^bm q to t, but the subpath q — >■ r is not a longest simple path from q to r, nor is the 
subpath r ifaNongest simple path from r to t. 

Unweighted loniptst simple path: Find a simple path from u to v consisting of 
the most edges^JJVe need to include the requirement of simplicity because other- 
wise we can trav^e a cycle as many times as we like to create paths with an 
arbitrarily large number of edges. 

The unweighted shorte^stypath problem exhibits optimal substructure, as follows. 
Suppose that u ^ v, so tm^^the problem is nontrivial. Then, any path p from u 
to v must contain an intermediate vertex, say w. (Note that w may be u or v.) 
Thus, we can decompose the P® u ~> v into subpaths u ~»- w ~» v. Clearly, the 
number of edges in p equals the number of edges in p\ plus the number of edges 
in p 2 . We claim that if p is an opt©al.(i.e., shortest) path from u to v, then p x 
must be a shortest path from u to w.'^hy? We use a "cut-and-paste" argument: 
if there were another path, say p[, from^o w with fewer edges than pi, then we 

could cut out pi and paste in p\ to produc^^^ath u Q w v with fewer edges 
than p, thus contradicting p's optimality. Symmetrically, p 2 must be a shortest 
path from id to v. Thus, we can find a short€k-path from u to v by considering 
all intermediate vertices w, finding a shortest pathjmm u to w and a shortest path 
from w to v, and choosing an intermediate vertex u!(tnat yields the overall shortest 
path. In Section 25.2, we use a variant of this observation of optimal substructure 
to find a shortest path between every pair of vertices on a(weighted, directed graph. 

You might be tempted to assume that the problem oQ)nding an unweighted 
longest simple path exhibits optimal substructure as well, f^^t all, if we decom- 
pose a longest simple path u v into subpaths « v u v v, then mustn't p\ 
be a longest simple path from u to w, and mustn't p 2 be a longest simple path 
from w to v? The answer is no! Figure 15.6 supplies an example. Consider the 
path q —> r — >■ t, which is a longest simple path from q to t. Is q — >■ r a longest 
simple path from q to r? No, for the path g^-s— >?— >risa simple path 
that is longer. Is r —> t a longest simple path from r to tl No again, for the path 
r — > q — > s — >-?isa simple path that is longer. 
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This example shows that for longest simple paths, not only does the problem 
lack optimal substructure, but we cannot necessarily assemble a "legal" solution 
^\ to the problem from solutions to subproblems. If we combine the longest simple 
'('paths q — >■ s — >■ t — >■ r and r — »■ g — >■ 5 — > ? , we get the path ►j— ^r— > 
q?h> s t, which is not simple. Indeed, the problem of finding an unweighted 
lo^g^t simple path does not appear to have any sort of optimal substructure. No 
efficient dynamic -programming algorithm for this problem has ever been found. In 
fact, thisroroblem is NP-complete, which— as we shall see in Chapter 34— means 
that we aratunlikely to find a way to solve it in polynomial time. 

Why is tiiesubstructure of a longest simple path so different from that of a short- 
est path? Arfhojkigh a solution to a problem for both longest and shortest paths uses 
two subproblems _the subproblems in finding the longest simple path are not inde- 
pendent, whereat tor shortest paths they are. What do we mean by subproblems 
being independent^ We, mean that the solution to one subproblem does not affect 
the solution to anoths^ subproblem of the same problem. For the example of Fig- 
ure 15.6, we have the p^pblem of finding a longest simple path from q to t with two 
subproblems: finding lon^pfct simple paths from q to r and from r to t. For the first 
of these subproblems, we c^Sose the path q -> s —> t — > r, and so we have also 
used the vertices 5 and t. We(^n no longer use these vertices in the second sub- 
problem, since the combination pi the two solutions to subproblems would yield a 
path that is not simple. If we canrioj use vertex t in the second problem, then we 
cannot solve it at all, since t is reqm>e*d to be on the path that we find, and it is 
not the vertex at which we are "splici^gj' together the subproblem solutions (that 
vertex being r). Because we use verticeflrs and t in one subproblem solution, we 
cannot use them in the other subprobleirNsoJidtion. We must use at least one of them 
to solve the other subproblem, however, anoifce must use both of them to solve it 
optimally. Thus, we say that these subproblems^are not independent. Looked at 
another way, using resources in solving one sWproblem (those resources being 
vertices) renders them unavailable for the other subproblem. 

Why, then, are the subproblems independent for* finding a shortest path? The 
answer is that by nature, the subproblems do not shase resources. We claim that 
if a vertex w is on a shortest path p from ti to v, then ;an splice together any 
shortest path u w and any shortest path w ^ v to produa^ shortest path from u 
to v. We are assured that, other than w, no vertex can appear in both paths p x 
and pi. Why? Suppose that some vertex x ^ w appears in both pi and p 2 , so that 
we can decompose p x as u ^> x w and p 2 as w ~> x v. By the optimal 
substructure of this problem, path p has as many edges as p\ and p 2 together; let's 
say that p has e edges. Now let us construct a path p' = u ~> x ~> v from w to v. 
Because we have excised the paths from x to w and from w to x, each of which 
contains at least one edge, path p' contains at most e — 2 edges, which contradicts 
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the assumption that p is a shortest path. Thus, we are assured that the subproblems 
for the shortest-path problem are independent. 

Both problems examined in Sections 15.1 and 15.2 have independent subprob- 
is. In matrix-chain multiplication, the subproblems are multiplying subchains 
i ■ ■ ■ Ak and Ak+iAk +2 ••• Aj. These subchains are disjoint, so that no ma- 
trix c<rald possibly be included in both of them. In rod cutting, to determine the 
best $W\to cut up a rod of length n, we look at the best ways of cutting up rods 
of length/Tvfor i =0, 1, — 1. Because an optimal solution to the lengfh-M 
problem mcjndes just one of these subproblem solutions (after we have cut off the 
first piece), independence of subproblems is not an issue. 

<? 

Overlapping suopj^blems 

The second ingredidQt\hat an optimization problem must have for dynamic pro- 
gramming to apply is t^it the space of subproblems must be "small" in the sense 
that a recursive algorithrr^or the problem solves the same subproblems over and 
over, rather than always ge^rating new subproblems. Typically, the total number 
of distinct subproblems is a j^ynomial in the input size. When a recursive algo- 
rithm revisits the same problem^ppeatedly, we say that the optimization problem 
has overlapping subproblems. 4 In contrast, a problem for which a divide-and- 
conquer approach is suitable usualj^^enerates brand-new problems at each step 
of the recursion. Dynamic-programming algorithms typically take advantage of 
overlapping subproblems by solving eapk subproblem once and then storing the 
solution in a table where it can be looked~™>when needed, using constant time per 
lookup. V ^C\ 

In Section 15.1, we briefly examined hbWa recursive solution to rod cut- 
ting makes exponentially many calls to finoseWions of smaller subproblems. 
Our dynamic-programming solution takes an expsaential-time recursive algorithm 
down to quadratic time. C 

To illustrate the overlapping-subproblems property in greater detail, let us re- 
examine the matrix-chain multiplication problem. Ref^kig back to Figure 15.5, 
observe that Matrix-Chain-Order repeatedly looks up(tl)e solution to subprob- 
lems in lower rows when solving subproblems in higher rpros. For example, it 
references entry m[3,4] four times: during the computations of m[2,4], m[l,4], 



It may seem strange that dynamic programming relies on subproblems being both independent 
and overlapping. Although these requirements may sound contradictory, they describe two different 
notions, rather than two points on the same axis. Two subproblems of the same problem are inde- 
pendent if they do not share resources. Two subproblems are overlapping if they are really the same 
subproblem that occurs as a subproblem of different problems. 
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Figure 15.7 TheWcuraion tree for the computation of RECURSIVE-MATRIX-CHAIN(p, 1, 4). 
Each node contains th^ parameters /' and j. The computations performed in a shaded subtree are 
replaced by a single tablaj^bkup in MEMOIZED-MATRIX-CHAIN. 

m[3, 5], and m[3, 6]. If WA>were to recompute m[3, 4] each time, rather than just 
looking it up, the running t(fnfe would increase dramatically. To see how, consider 
the following (inefficient) re<(Sj)sive procedure that determines m[i,j], the mini- 
mum number of scalar multiplications needed to compute the matrix-chain product 
Ai..j = AjA i+ i ■ ■ ■ Aj. The proce^mje is based directly on the recurrence (15.7). 



Recursive-Matrix-Chain (p, 

1 

2 
3 
4 
5 



b 



6 
7 



if i == j 

return 0 

m[i, j] = oo 
for k = i to j — 1 

q = Recursive-Matrix-Chain (/>,Y^[ 
+ Recursive-Matrix-Chain (p)ic + 

+ Pi-iPkPj 
if q < m[i, j] 
m[i,j] = q 
return m[i, j] 



Figure 15.7 shows the recursion tree produced by the call Recursive-Matrix- 
Chain(/), 1,4). Each node is labeled by the values of the parameters i and j. 
Observe that some pairs of values occur many times. 

In fact, we can show that the time to compute by this recursive proce- 

dure is at least exponential in n. Let T(n) denote the time taken by Recursive- 
Matrix-Chain to compute an optimal parenthesization of a chain of n matrices. 
Because the execution of lines 1-2 and of lines 6-7 each take at least unit time, as 
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does the multiplication in line 5, inspection of the procedure yields the recurrence 



(1) > 1, 




n-l 



> 1 + ^2(T(k) + T(n - k) + 1) for n > 1 . 
k=l 

Notin§$i^t for i = 1, 2, ...,« — 1, each term 7*(i) appears once as T(k) and once 
as T(n — /fci, and collecting the n — 1 Is in the summation together with the 1 out 
front, we ca^ewrite the recurrence as 

«-iy>' 

7» > 2 ^Vx^) + « . (15.8) 
1=1 ^ 

We shall prove t^af Tin) = £2(2") using the substitution method. Specifi- 
cally, we shall show th<fr Tin) > 2" _1 for all « > 1. The basis is easy, since 
r(l) > 1 = 2°. Inductively, for n > 2 we have 



= 2 E 2 ' + n "<5 . 

1=0 

= 2(2"" 1 - 1) + n (by equat^ (A.5)) 
= 2"-2 + /t ^ 
> 2"" 1 , ^ 

which completes the proof. Thus, the total amou^of work performed by the call 
Recursive-Matrix-Chain ip, l,n) is at least exponential in n. 

Compare this top-down, recursive algorithm (without memoization) with the 
bottom-up dynamic-programming algorithm. The lat?et>4s more efficient because 
it takes advantage of the overlapping-subproblems property. Matrix-chain mul- 
tiplication has only 0(/i 2 ) distinct subproblems, and the^m^namic -programming 
algorithm solves each exactly once. The recursive algorithnjf on the other hand, 
must again solve each subproblem every time it reappears in the recursion tree. 
Whenever a recursion tree for the natural recursive solution to a problem contains 
the same subproblem repeatedly, and the total number of distinct subproblems is 
small, dynamic programming can improve efficiency, sometimes dramatically. 
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Reconstructing an optimal solution 

^. Asa practical matter, we often store which choice we made in each subproblem in 
table so that we do not have to reconstruct this information from the costs that we 
vstored. 

Srp? matrix-chain multiplication, the table s[i, j] saves us a significant amount of 
worjrwhen reconstructing an optimal solution. Suppose that we did not maintain 
the s|vx] table, having filled in only the table m[i, j] containing optimal subprob- 
lem costP We choose from among j — i possibilities when we determine which 
subproble^^ to use in an optimal solution to parenthesizing AjA i+ i • • • Aj, and 
j — i is nolS^constant. Therefore, it would take ®(j — i) — co{\) time to recon- 
struct which s<^problems we chose for a solution to a given problem. By storing 
in s[i, j] the ind^of the matrix at which we split the product A ( A i+l • • • Aj, we 
can reconstruct eacrfrchoice in 0(1) time. 

Memoization 

As we saw for the rod-cHnji^g problem, there is an alternative approach to dy- 
namic programming that orteA offers the efficiency of the bottom-up dynamic- 
programming approach while-Nriaintaining a top-down strategy. The idea is to 
memoize the natural, but inefficfen^recursive algorithm. As in the bottom-up ap- 
proach, we maintain a table witnWbnroblem solutions, but the control structure 
for filling in the table is more like thVrecursive algorithm. 

A memoized recursive algorithm maipkains an entry in a table for the solution to 
each subproblem. Each table entry initiatf^eontains a special value to indicate that 
the entry has yet to be filled in. When the^Jabproblem is first encountered as the 
recursive algorithm unfolds, its solution is ^(^Duted and then stored in the table. 
Each subsequent time that we encounter this s(iBproblem, we simply look up the 
value stored in the table and return it. 5 ^ 

Here is a memoized version of Recursive-M^trix-Chain. Note where it 
resembles the memoized top-down method for the rod^Cutting problem. 

Men 



T 



This approach presupposes that we know the set of all possible subproblem parameters and that we 
have established the relationship between table positions and subproblems. Another, more general, 
approach is to memoize by using hashing with the subproblem parameters as keys. 
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Memoized-Matrix-Ch ain (p) 

1 n = p. length — 1 
\& ilet m[l . . n, 1 . . n] be a new table 
?p for z = 1 to n 

4 C^) v for 7 = z to « 

5 m[z',y] = oo 

6 ret^i Lookup-Chain (m, p, l,ri) 



LOOKUP-CJffAIN(m, p, i, j) 

1 ifm[z,/]^oo 

2 return yffj)z, j] 

3 if z == j 

4 m[z,y] = 

5 else for /c = z to /^l 

6 = L00KUX-CHAlN(m,/>,z',/c) 

+ Lookup-Chain (m,p,k + 1,7) + pi-iPkPj 

8 m[z,y] = <f ^ 

9 return m[z, y] 



The Memoized-Matrix-Chaen^ procedure, like Matrix-Chain-Order, 
maintains a table m [1 . . n , 1 . . n] of computed values of m [z , j ] , the minimum num- 
ber of scalar multiplications needed to d©ipute the matrix Af t j. Each table entry 
initially contains the value 00 to indicate (h^the entry has yet to be filled in. Upon 
calling Lookup-Chain (m, p, i, j), if line ^Jihds that m[i, j] < 00, then the pro- 
cedure simply returns the previously comput^^ost m [i , j ] in line 2. Otherwise, 
the cost is computed as in Recursive-MatrljC-Chain, stored in m[i,j], and 
returned. Thus, LoOKUP-CHAlN(m, p, i, j) alwa^returns the value of m[i, j], 
but it computes it only upon the first call of Lookup-Chain with these specific 
values of z and j . f\ 

Figure 15.7 illustrates how Memoized-Matrix-Chaj**. saves time compared 
with Recursive-Matrix-Chain. Shaded subtrees repre^W values that it looks 
up rather than recomputes. s 

Like the bottom-up dynamic -programming algorithm Matrix-Chain-Order, 
the procedure Memoized-Matrix-Chain runs in 0(n 3 ) time. Line 5 of 
Memoized-Matrix-Chain executes 0(/i 2 ) times. We can categorize the calls 
of Lookup-Chain into two types: 

1. calls in which m[i, j] = 00, so that lines 3-9 execute, and 

2. calls in which m[i, j] < 00, so that Lookup-Chain simply returns in line 2. 



15.3 Elements of dynamic programming 



389 



There are 0(« 2 ) calls of the first type, one per table entry. All calls of the sec- 
ond type are made as recursive calls by calls of the first type. Whenever a given 
^\call of Lookup-Chain makes recursive calls, it makes 0(n) of them. There- 
v"rore, there are 0(n 3 ) calls of the second type in all. Each call of the second type 
teftps 0(1) time, and each call of the first type takes 0(n) time plus the time spent 
in ^t^recursive calls. The total time, therefore, is 0(n 3 ). Memoization thus turns 
an £2f^) -time algorithm into an 0(n 3 )-time algorithm. 

In stunmary, we can solve the matrix-chain multiplication problem by either a 
top-down^inemoized dynamic -programming algorithm or a bottom-up dynamic- 
programmmg> algorithm in 0(n 3 ) time. Both methods take advantage of the 
overlappingXuhproblems property. There are only &(n 2 ) distinct subproblems in 
total, and either of these methods computes the solution to each subproblem only 
once. Without raferaoization, the natural recursive algorithm runs in exponential 
time, since solved Mibproblems are repeatedly solved. 

In general practiceXif #11 subproblems must be solved at least once, a bottom-up 
dynamic-programmingC^lgorithm usually outperforms the corresponding top-down 
memoized algorithm by sC^&nstant factor, because the bottom-up algorithm has no 
overhead for recursion and<|ess overhead for maintaining the table. Moreover, for 
some problems we can exploi(S]fce regular pattern of table accesses in the dynamic- 
programming algorithm to reduge time or space requirements even further. Alter- 
natively, if some subproblems m^nts subproblem space need not be solved at all, 
the memoized solution has the advarjta'ge of solving only those subproblems that 
are definitely required. Q 

Exercises ^\ 
15.3-1 *6 

Which is a more efficient way to determine the^ejWnal number of multiplications 
in a matrix-chain multiplication problem: enumerating all the ways of parenthesiz- 
ing the product and computing the number of multiplications for each, or running 
Recursive-Matrix-Chain? Justify your answer. O 

15.3-2 

Draw the recursion tree for the Merge-Sort procedure from Section 2.3.1 on an 
array of 1 6 elements. Explain why memoization fails to speed up a good divide- 
and-conquer algorithm such as Merge-Sort. 

15.3-3 

Consider a variant of the matrix-chain multiplication problem in which the goal is 
to parenthesize the sequence of matrices so as to maximize, rather than minimize, 
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the number of scalar multiplications. Does this problem exhibit optimal substruc- 
. ture? 

%W 

ACstated, in dynamic programming we first solve the subproblems and then choose 
wlncn^fcf them to use in an optimal solution to the problem. Professor Capulet 
claimiTTJiat we do not always need to solve all the subproblems in order to find an 
optimaNsmution. She suggests that we can find an optimal solution to the matrix- 
chain muKmhcation problem by always choosing the matrix Ak at which to split 
the subprodija: AiA i+ i ■•• Aj (by selecting k to minimize the quantity p t -i pk pf) 
before solving(the subproblems. Find an instance of the matrix-chain multiplica- 
tion problem for^hich this greedy approach yields a suboptimal solution. 

15.3-5 A 

Suppose that in the rod^Xftting problem of Section 15.1, we also had limit /, on the 
number of pieces of lenetrM that we are allowed to produce, for i = 1,2, ... ,n. 
Show that the optimal-subsfructure property described in Section 15.1 no longer 
holds. 

15.3-6 0 

Imagine that you wish to exchange ®ne currency for another. You realize that 
instead of directly exchanging one^jirrency for another, you might be better off 
making a series of trades through oth\^rcurrencies, winding up with the currency 
you want. Suppose that you can trade n liferent currencies, numbered 1, 2, . . . ,n, 
where you stall with currency 1 and wis > ^a wind up with currency n. You are 
given, for each pair of currencies i and j , •^exchange rate ry , meaning that if 
you start with d units of currency i, you can^^de for dr^ units of currency j. 
A sequence of trades may entail a commission, ^ich depends on the number of 
trades you make. Let be the commission that you-^fre charged when you make k 

trades. Show that, if = 0 for all k = 1,2 , n, then the problem of finding the 

best sequence of exchanges from currency 1 to currency^ exhibits optimal sub- 
structure. Then show that if commissions are arbitrary- values, then the problem 
of finding the best sequence of exchanges from currency riWurrency n does not 
necessarily exhibit optimal substructure. s 
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Biological applications often need to compare the DNA of two (or more) dif- 
ferent organisms. A strand of DNA consists of a string of molecules called 
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bases, where the possible bases are adenine, guanine, cytosine, and thymine. 
Representing each of these bases by its initial letter, we can express a strand 
•^\of DNA as a string over the finite set {A, C,G, T}. (See Appendix C for 
•Sme definition of a string.) For example, the DNA of one organism may be 
ACCGGTCGAGTGCGCGGAAGCCGGCCGAA, and the DNA of another organ- 
isn^may be S 2 = GTCGTTCGGAATGCCGTTGCTCTGTAAA. One reason to com- 
pareMflFo strands of DNA is to determine how "similar" the two strands are, as some 
measurereif how closely related the two organisms are. We can, and do, define sim- 
ilarity irrraany different ways. For example, we can say that two DNA strands are 
similar if erneds a substring of the other. (Chapter 32 explores algorithms to solve 
this problemfvfa our example, neither Si nor S 2 is a substring of the other. Alter- 
natively, we cotnd say that two strands are similar if the number of changes needed 
to turn one into me other is small. (Problem 15-5 looks at this notion.) Yet another 
way to measure fhfe sinylarity of strands 5*! and S 2 is by finding a third strand S 3 
in which the bases appear in each of Si and S 2 ; these bases must appear 

in the same order, but ^pi necessarily consecutively. The longer the strand S 3 we 
can find, the more simila^Si and S 2 are. In our example, the longest strand S 3 is 
GTCGTCGGAAGCCGGCCG(£A\ 

We formalize this last noti(^S)of similarity as the longest-common-subsequence 
problem. A subsequence of a gi\en sequence is just the given sequence with zero or 
more elements left out. Formally , v <p\en a sequence X = ( ), another 

sequence Z = (zi, Z 2 , . . . , Zk) issjysubsequence of X if there exists a strictly 
increasing sequence (ii , i 2 , . . . , i^) ofi^rdjces of X such that for all j = 1,2, ... ,k, 
we have Xi j = Zj. For example, Z =ft$, C, D, B) is a subsequence of X = 
{A, B, C, B, D, A, B) with correspondirtgn»dex sequence (2, 3, 5, 7). 

Given two sequences X and Y , we sayTh&t a sequence Z is a common sub- 
sequence of X and Y if Z is a subsequence^of>both X and Y . For example, if 
X = {A, B, C, B, D, A, B) and Y = {B, D, C,W^, A), the sequence {B, C, A) is 
a common subsequence of both X and Y . The sequence (B, C, A) is not a longest 
common subsequence (LCS) of X and Y, however? since it has length 3 and the 
sequence (B, C, B, A), which is also common to bothvjrand Y , has length 4. The 
sequence (B, C, B, A) is an LCS of X and Y , as is thQemience (B, D, A, B), 
since X and Y have no common subsequence of length 5 o£greater. 

In the longest-common-subsequence problem, we are given two sequences 
X = (xi, x 2 , . . . , x m ) and Y = {y lf y 2 , . . . , y n ) and wish to find a maximum- 
length common subsequence of X and Y . This section shows how to efficiently 
solve the LCS problem using dynamic programming. 
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Step 1: Characterizing a longest common subsequence 



a brute-force approach to solving the LCS problem, we would enumerate all 
^subsequences of X and check each subsequence to see whether it is also a subse- 
quence of Y, keeping track of the longest subsequence we find. Each subsequence 
of ^corresponds to a subset of the indices {1, 2, . . . ,m} of X, Because X has 2 m 
subsequences, this approach requires exponential time, making it impractical for 
long sequences. 

The L(® I jroblem has an optimal-substructure property, however, as the follow- 
ing theorem^shows. As we shall see, the natural classes of subproblems corre- 
spond to pair^of "prefixes" of the two input sequences. To be precise, given a 
sequence , x 2 , ■ ■ ■ , x m ), we define the ith prefix of X, for i = 0, 1, . . . , m, 

as X t = (xi, x 2 ^Q. , Xj). For example, if X = (A, B, C, B, D, A, B), then 
X 4 = (A, B, C, B) qna X 0 is the empty sequence. 

V>' 

Theorem 15.1 (Optimal ritbstructure of an LCS) 

Let X = (xi, x 2 , . . . , x m )>£nd Y = (y lt y 2 , . . . , y„) be sequences, and let Z = 
(Zi,Z 2 , . . . , Zk) be any LCS^Y and Y. 

1. If x m = y n , then Zk = x m =^„ and Z k _ x is an LCS of X m _ x and 7„_ 1 . 

2. If x m ^ y n , then Zk ^ x m imp*lie^that Z is an LCS of X m _ x and Y . 

3. If x m ^ y n , then z k ^ y n implies Z is an LCS of X and F„_i. 

o 

Proof (1) If z k ^ x m , then we could app^d x m = y n to Z to obtain a common 
subsequence of X and Y of length k + 1 , ctj^radicting the supposition that Z is 
a longest common subsequence of X and 7.>^^s, we must have Zk = x m = y„. 
Now, the prefix Zk-\ is a length- (k — 1) commoi(ls)ibsequence of X m _i and F„_i. 
We wish to show that it is an LCS. Suppose fo^fhe pmpose of contradiction 
that there exists a common subsequence W of X m _i and 7„_x with length greater 
than k — 1 . Then, appending x m = y n to W produces ^pmmon subsequence of 
X and Y whose length is greater than k, which is a contradiction. 

(2) If Zk 7^ x m , then Z is a common subsequence of X m _],^ad Y. If there were a 
common subsequence W of X m -\ and Y with length greater than k, then would 
also be a common subsequence of X m and 7, contradicting the assumption that Z 
is an LCS of Zand Y. 

(3) The proof is symmetric to (2). ■ 

The way that Theorem 15.1 characterizes longest common subsequences tells 
us that an LCS of two sequences contains within it an LCS of prefixes of the two 
sequences. Thus, the LCS problem has an optimal-substructure property. A recur- 
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sive solution also has the overlapping-subproblems property, as we shall see in a 
moment. 

2: A recursive solution 

Tf^^em 15.1 implies that we should examine either one or two subproblems when 
findih&.an LCS of X = (x u x 2 , . . . , x m ) and Y = (y 1} y 2 , y„). If x m = y„, 
we muaufind an LCS of X m _\ and Y n _\. Appending x m = y„ to this LCS yields 
an LCS^ol^ - and Y . If x m ^ y n , then we must solve two subproblems: finding an 
LCS of Xff^_i. and Y and finding an LCS of X and Y n _i, Whichever of these two 
LCSs is longer is an LCS of X and Y. Because these cases exhaust all possibilities, 
we know that que of the optimal subproblem solutions must appear within an LCS 
ofXandF. ^ 

We can readily £ee the overlapping-subproblems property in the LCS problem. 
To find an LCS of A^ind Y , we may need to find the LCSs of X and Y n _ x and 
of X m _\ and Y . But of these subproblems has the subsubproblem of finding 
an LCS of X m _\ and Y„_^Many other subproblems share subsubproblems. 

As in the matrix-chain imlf&plication problem, our recursive solution to the LCS 
problem involves establishing) recurrence for the value of an optimal solution. 
Let us define c[i,j] to be the length of an LCS of the sequences X t and Yj. If 
either i = 0 or j = 0, one of t^sequences has length 0, and so the LCS has 
length 0. The optimal substructure qfjite LCS problem gives the recursive formula 

0 Oif i = 0 or j = 0 , 

c[i, j] = c [i - 1, j - 1] + 1 Shj, j > 0 and Xi = yj , (15.9) 

max(c[/, j - l],c[i - 1, j]) iPUi > 0 and x t ± v 7 . 

Observe that in this recursive formulation, a^^jbndition in the problem restricts 
which subproblems we may consider. When Xi ={§j , we can and should consider 
the subproblem of finding an LCS of X i _ 1 and J)-*. Otherwise, we instead con- 
sider the two subproblems of finding an LCS of X, and^_i and of Z,_! and Yj. In 
the previous dynamic -programming algorithms we have ^^mined— for rod cutting 
and matrix-chain multiplication— we ruled out no subprojrffcps due to conditions 
in the problem. Finding an LCS is not the only dynamic-programming algorithm 
that rules out subproblems based on conditions in the problem. For example, the 
edit-distance problem (see Problem 15-5) has this characteristic. 



Step 3: Computing the length of an LCS 



Based on equation (15.9), we could easily write an exponential-time recursive al- 
gorithm to compute the length of an LCS of two sequences. Since the LCS problem 
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has only ®(mn) distinct subproblems, however, we can use dynamic programming 
to compute the solutions bottom up. 
^\ Procedure LCS -LENGTH takes two sequences X = { ) and 

¥j= {yi,)>2> ■ ■ ■ as inputs. It stores the c[i, j] values in a table c[0 . . m, 0 . . n], 
and/A computes the entries in row-major order. (That is, the procedure fills in the 
firsqpdw of c from left to right, then the second row, and so on.) The procedure also 
mainfavm the table b[l . .m, 1 . . n] to help us construct an optimal solution. Intu- 
itively, ofcy ] points to the table entry corresponding to the optimal subproblem 
solution chosen when computing c[i, j]. The procedure returns the b and c tables; 
c[m,n] conranp-the length of an LCS of X and Y . 

LCS-Length 

1 m = X.lengm x 

2 n = Y. length ^ y 

3 let &[1 . .m, 1 . . riYand c[0 . .m,0 . .n] be new tables 

4 for i = Mom v , 

5 c[i,0] = 0 

6 for j = 0 to n 

7 c[0,y] = 0 0 

8 for ; = Horn 

9 for 7 = 1 to « 

10 if Xi == yj \S 

11 c[i,j] = c[/-l,;-Q + l 

12 b[i,j]=«\" fx 

13 elseif c[i -\,j]>c[i,j — TJ^y 

14 c[/J] = c[i -1,7] 

15 b[iJ]="V' o 

16 elsec[/,7'] = c[i,j - 1] A 

17 Mi,7']="^" ^. 

18 return c and b 

Figure 15.8 shows the tables produced by LCS-LengthW)*i the sequences X = 
(A, B, C, B, D, A, B) and Y = (B, D, C, A, B, A). Tlie^unning time of the 
procedure is 0(m«), since each table entry takes 0(1) time to compute. 



•■d 



Step 4: Constructing an LCS 

The b table returned by LCS -LENGTH enables us to quickly construct an LCS of 
X = (xi, Xi, . . . , x m ) and Y = (yi, y 2 , . . . , y n )- We simply begin at b[m,n] and 
trace through the table by following the arrows. Whenever we encounter a "\" in 
entry b[i, j], it implies that x, = yj is an element of the LCS that LCS-LENGTH 
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Figure 15.8 The c and A taWes^computed by LCS-LENGTH on the sequences X = (A, B, C, B, 
D, A, B) and Y = (B, D,C, The square in row i and column j contains the value of c[i, j] 

and the appropriate arrow for the Value of b [i , j ] . The entry 4 in c [7, 6] — the lower right-hand corner 
of the table— is the length of an LG^y5, C, B, A) of X and Y. For (', j > 0, entry c[i, j] depends 
only on whether Xj = yj and the value^ in entries c[i — 1, j], c[i, j — 1], and c[i — I, j — 1], which 
are computed before c[i, j]. To reconstr«cT4he elements of an LCS, follow the b[i, j] arrows from 
the lower right-hand corner; the sequence is shaded. Each on the shaded sequence corresponds 
to an entry (highlighted) for which x t = Vjis ajnember of an LCS. 

found. With this method, we encounter v tn^«Jements of this LCS in reverse order. 
The following recursive procedure prints ouUan LCS of X and Y in the proper, 
forward order. The initial call is Print-LCSO&^, X. length, Y. length). 



PRlNT-LCS(&,X,2\y) 



6 



1 

2 
3 
4 
5 



if; 



0 



Oor j 
return 

if b[i,j] =="\" 

PRINT-LCS(fe,X,j - 
print Xj 
elseif b[i,j] == "f" 

PRINT-LCS(fe,Z,j - 
else PRlNT-LCS(fe,X,j,y 



1,7-1) 



1,7) 
-1) 



For the b table in Figure 15.8, this procedure prints BCBA. The procedure takes 
time 0(m + n), since it decrements at least one of i and j in each recursive call. 
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Improving the code 



nee you have developed an algorithm, you will often find that you can improve 
tactile time or space it uses. Some changes can simplify the code and improve 
ctmstant factors but otherwise yield no asymptotic improvement in performance. 
Others^tan yield substantial asymptotic savings in time and space. 

In theXCS algorithm, for example, we can eliminate the b table altogether. Each 
c[i, j] entry depends on only three other c table entries: c[i — 1, j — 1], c[i — 1, j], 
and c[i, jQv 1]. Given the value of c[i,j], we can determine in 0(1) time which of 
these three X^wues was used to compute c[i, j], without inspecting table b. Thus, we 
can reconstrufc^in LCS in 0(m + n) time using a procedure similar to Print-LCS. 
(Exercise 15.4-2lj&ks you to give the pseudocode.) Although we save &(mn) space 
by this method, f^auxiliary space requirement for computing an LCS does not 
asymptotically decra^e, since we need &(mn) space for the c table anyway. 

We can, however, re^ilce the asymptotic space requirements for LCS -LENGTH, 
since it needs only two r«&s of table c at a time: the row being computed and the 
previous row. (In fact, as Excise 15.4-4 asks you to show, we can use only slightly 
more than the space for one^w of c to compute the length of an LCS.) This 
improvement works if we need anly the length of an LCS ; if we need to reconstruct 
the elements of an LCS, the smaller table does not keep enough information to 
retrace our steps in 0(m + n) tinfe^^ 

Exercises N q 

15.4-1 

Determine an LCS of (1,0,0, 1,0, 1,0, 1) aifffo 1,0, 1, 1,0, 1, 1,0). 

15A ' 2 CL 

Give pseudocode to reconstruct an LCS from the completed c table and the original 
sequences X = (x 1} x 2 , . . . , x m ) and Y = (y lt y 2> . . . , y„) in 0(m + n) time, 
without using the b table. 

15.4-3 CX 

Give a memoized version of LCS -Length that runs in 0(n<p) time. 

15.4-4 

Show how to compute the length of an LCS using only 2-min(m, n) entries in the c 
table plus 0(1) additional space. Then show how to do the same thing, but using 
min(m,«) entries plus 0(1) additional space. 
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^ 15.4-5 

, Give an 0(n 2 )-time algorithm to find the longest monotonically increasing subse- 
\§\ quence of a sequence of n numbers. 

-6 ★ 

^ve<&n 0(n lg /j)-time algorithm to find the longest monotonically increasing sub- 
sequence of a sequence of n numbers. (Hint: Observe that the last element of a 
candi»aj£ subsequence of length i is at least as large as the last element of a can- 
didate suDfjequence of length i — 1. Maintain candidate subsequences by linking 
them through the input sequence.) 

\ 

15.5 Optimal binary search^trees 

Suppose that we are'clqSigning a program to translate text from English to French. 
For each occurrence of ea^kEnglish word in the text, we need to look up its French 
equivalent. We could perfoja-K these lookup operations by building a binary search 
tree with n English words as^seys and their French equivalents as satellite data. 
Because we will search the tree for each individual word in the text, we want the 
total time spent searching to be*as-4*ow as possible. We could ensure an 0(lg«) 
search time per occurrence by using a^ed-black tree or any other balanced binary 
search tree. Words appear with different frequencies, however, and a frequently 
used word such as the may appear far Wm the root while a rarely used word such 
as machicolation appears near the root. ■Saschan organization would slow down the 
translation, since the number of nodes visirea when searching for a key in a binary 
search tree equals one plus the depth of theuibde containing the key. We want 
words that occur frequently in the text to be nearer the root. 6 Moreover, 

some words in the text might have no French tra^smtion, 7 and such words would 
not appeal - in the binary search tree at all. How do w^ organize a binary search tree 
so as to minimize the number of nodes visited in all s^aiches, given that we know 
how often each word occurs? Q 

What we need is known as an optimal binary search*fi&e. Formally, we are 
given a sequence K = {k\, ki, . . . , k n ) of n distinct keys m sorted order (so that 
ki < k 2 < ••• < k n ), and we wish to build a binary search tree from these keys. 
For each key k t , we have a probability p t that a search will be for k(. Some 
searches may be for values not in K, and so we also have n + 1 "dummy keys" 



If the subject of the text is castle architecture, we might want machicolation to appear near the root. 
7 Yes, machicolation has a French counterpart: machicoulis. 
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Figure 15.9 Two binary-seaj»h trees for a set of ;? = 5 keys with the following probabilities: 
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(a) A binary search tree with expected search cost 2.80. (b) A binary search tree with expected search 
cost 2.75. This tree is optimal. V*' 



ilu^^hot. ii 



d 0 , di, d 2 , ■ ■ ■ ,d n representing valuesJiot in K. In particular, d 0 represents all val- 
ues less than k\,d n represents all value^greater than k n , and for i = 1 , 2 ,...,«— 1 , 
the dummy key di represents all value^CBetween k t and k i+ i. For each dummy 
key di, we have a probability q t that a sejtpih will correspond to d t . Figure 15.9 
shows two binary search trees for a set of n\Q 5 keys. Each key k t is an internal 
node, and each dummy key d t is a leaf. Ever>y{s^arch is either successful (finding 
some key k t ) or unsuccessful (finding some dum^ key di ), and so we have 

n n 

I>»+X> = 1 • . (15-10) 

i=i i=o Q. 

Because we have probabilities of searches for each ke^uid each dummy key, 
we can determine the expected cost of a search in a given bi*r^y search tree T, Let 
us assume that the actual cost of a search equals the number Df nodes examined, 
i.e., the depth of the node found by the search in T, plus 1. Then the expected cost 
of a search in T is 

n n 

E [search cost in T] = ^(depfh r (/: ; ) + 1) • p t + (depth r (a?, ) + 1) ■ q t 

i=l i=0 
n n 

= 1 + depth r (fc,) • Pt + de P th rW) • qt , (15.11) 



i=0 
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where depfh r denotes a node's depth in the tree T. The last equality follows from 
equation (15.10). In Figure 15.9(a), we can calculate the expected search cost node 
\§\ by node: 

,jrode depth probability contribution 
, 1 0A5 030 



Kj/S 0 0.10 0.10 

ki*/^2 0.05 0.15 

k 4 0.10 0.20 

k 5 6) . 0.20 0.60 



'l 



20 0.05 0.15 
2 \>' 0.10 0.30 



d 2 3 N ^0.05 0.20 
d 3 3 -SOm 0.20 
d A 3 to)95 0.20 



Total v >' 2.80 

<? 

For a given set of probabilities, we wish to construct a binary search tree whose 
expected search cost is smau^st. We call such a tree an optimal binary search tree. 
Figure 15.9(b) shows an optimal binary search tree for the probabilities given in 
the figure caption; its expected^cost is 2.75. This example shows that an optimal 
binary search tree is not necessarily a tree whose overall height is smallest. Nor 
can we necessarily construct an opzmal binary search tree by always putting the 
key with the greatest probability at the root. Here, key k 5 has the greatest search 
probability of any key, yet the root of@b optimal binary search tree shown is k 2 . 
(The lowest expected cost of any binary^&rch tree with k 5 at the root is 2.85.) 

As with matrix-chain multiplication, exh^ifctive checking of all possibilities fails 
to yield an efficient algorithm. We can labei^e nodes of any «-node binary tree 
with the keys ki , k 2 , . . . , k n to construct a binaf^ search tree, and then add in the 
dummy keys as leaves. In Problem 12-4, we saw^that the number of binary trees 
with n nodes is Q(4" /n 3 ? 2 ), and so we would have to examine an exponential 
number of binary search trees in an exhaustive searchr->Not surprisingly, we shall 
solve this problem with dynamic programming. q 

Step 1: The structure of an optimal binary search tree r 

To characterize the optimal substructure of optimal binary search trees, we start 
with an observation about subtrees. Consider any subtree of a binary search tree. 
It must contain keys in a contiguous range k t , . . . ,kj, for some 1 < i < j < n. 

In addition, a subtree that contains keys kj kj must also have as its leaves the 

dummy keys di-i, . . . ,dj. 

Now we can state the optimal substructure: if an optimal binary search tree T 
has a subtree T containing keys k t , . . . ,kj, then this subtree T' must be optimal as 



Chapter 15 Dynamic Programming 



well for the subproblem with keys k t , . . . , kj and dummy keys d t -\, . . . ,dj. The 
usual cut-and-paste argument applies. If there were a subtree T" whose expected 
•^ost is lower than that of T' , then we could cut T out of T and paste in T" , 
■respiting in a binary search tree of lower expected cost than T, thus contradicting 
th^Jptimality of T . 

W^need to use the optimal substructure to show that we can construct an opti- 
mal smtrtion to the problem from optimal solutions to subproblems. Given keys 
kj,. . . ,\/opne of these keys, say k r (i < r < j), is the root of an optimal 
subtree containing these keys. The left subtree of the root k r contains the keys 
ki,. . . , /tr-i^tand dummy keys d,-i , . . . , d r -\), and the right subtree contains the 
keys k r+ i, . . X&A(and dummy keys d r ,. . . ,dj). As long as we examine all candi- 
date roots k r , where i < r < j , and we determine all optimal binary search trees 
containing kj , . . . Vb r -x an d those containing k r+ x , . . . , k } - , we are guaranteed that 
we will find an optimal binary search tree. 

There is one detaif^orfh noting about "empty" subtrees. Suppose that in a 
subtree with keys k, ■ , . . . \jcj. we select kj as the root. By the above argument, kj 's 
left subtree contains the kej^ku . . . , k t -i . We interpret this sequence as containing 
no keys. Bear in mind, howexfr, that subtrees also contain dummy keys. We adopt 
the convention that a subtree chaining keys k it . . . , ki-i has no actual keys but 
does contain the single dummy key, dj i. Symmetrically, if we select kj as the root, 
then kj's right subtree contains the/lays kj+\, . . . ,kj\ this right subtree contains 
no actual keys, but it does contain the>diimmy key dj . 

o 

Step 2: A recursive solution 

We are ready to define the value of an optirri^^plution recursively. We pick our 
subproblem domain as finding an optimal bmafX-§ earc h free containing the keys 
ki,...,kj, where i > 1, j < n, and j > (When j = i — 1, there 

are no actual keys; we have just the dummy key s,-_i.) Let us define e[i, j] as 
the expected cost of searching an optimal binary search tree containing the keys 
kj, . . . ,kj. Ultimately, we wish to compute O" 

The easy case occurs when j = i — 1. Then we have the dummy key 
The expected search cost is e[ij — 1] = V ^J> 

When j >i, we need to select a root k r from among k, ■-, . . . , kj and then make an 
optimal binary search tree with keys & r _i as its left subtree and an optimal 

binary search tree with keys k r+l , kj as its right subtree. What happens to the 

expected search cost of a subtree when it becomes a subtree of a node? The depth 
of each node in the subtree increases by 1. By equation (15.1 1), the expected search 
cost of this subtree increases by the sum of all the probabilities in the subtree. For 
a subtree with keys kj, . . . ,kj, let us denote this sum of probabilities as 
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= J^P l+ J2 qi - (15 - 12) 
^ l=i t=t-l 

v'Tmus, if k r is the root of an optimal subtree containing keys k{ kj, we have 

f$fl = p r + (e[i, r - 1] + w(i, r - 1)) + (e[r + 1, j] + w(r + 1, ;)) . 
Notfrjg^hat 

w(i,j)Qw(i,r- 1) + p r + w{r + , 
we rewrite*e[i,../] as 

e[i,j] = e\f,*p 1] + e[r + IJ] + w(i,j) . (15.13) 

The recursive^Jduation (15.13) assumes that we know which node k r to use as 
the root. We choosy the root that gives the lowest expected search cost, giving us 
our final recursive fo^rnulation: 

l-l q ' l ~ x if y = i - 1 , 

e V>Ji-) min{ e [!,r%«[r|lj]|ic(i,j)} ifi<y. ( ' } 



The e [i , j ] values give the sxpected seai - ch costs in optimal binary search trees. 
To help us keep track of the stfuctare of optimal binary search trees, we define 
root[i, j], for 1 < i < j < n, Ifcfce.the index r for which k r is the root of an 

optimal binary search tree containirtg^keys k t kj. Although we will see how 

to compute the values of root[i, j], we(pave the construction of an optimal binary 
search tree from these values as Exercis^)&.5-1. 

Step 3: Computing the expected search ces'Jjbf an optimal binary search tree 

At this point, you may have noticed some similanfL^ between our characterizations 
of optimal binary search trees and matrix-chain multiplication. For both problem 
domains, our subproblems consist of contiguous index-subranges. A direct, recur- 
sive implementation of equation (15.14) would be as inefficient as a direct, recur- 
sive matrix-chain multiplication algorithm. Instead, we steje the e[i, j] values in a 
table e[l . .n + 1, 0 . . n\. The first index needs to run to n -K^rather than n because 
in order to have a subtree containing only the dummy key d n , we need to compute 
and store e[n + l,n]. The second index needs to start from 0 because in order to 
have a subtree containing only the dummy key d 0 , we need to compute and store 
e[l,0]. We use only the entries e[i, j] for which j > i — 1. We also use a table 
root[i, j], for recording the root of the subtree containing keys k it . . . ,kj. This 
table uses only the entries for which 1 < i < j < n. 

We will need one other table for efficiency. Rather than compute the value 
of w(i,j) from scratch every time we are computing e[i, j] — which would take 
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®(j — i) additions— we store these values in a table w [1 . . n + 1, 0 . . n]. For the 
base case, we compute w[i,i — 1] = q,-i for 1 < i < n + 1. For j > i, we 




= w[i,j - \] + pj+qj . (15.15) 

Thust^e can compute the &(n 2 ) values of w[i, j] in 0(1) time each. 

The (^pudocode that follows takes as inputs the probabilities pi,...,p n and 
q 0 , ■ . . , ^^nd the size n, and it returns the tables e and root. 

Optimal-B<ST>('/>, q, n) 

1 let e[\ . .«vAl,0. .«], w[l . .« + 1,0. .«], 

an£Gwf[l . . n, 1 . . n] be new tables 

2 for / = 1 toV^Kl 



<?[/,/ - 1] ifti 



3 

4 i — 1] =^tfP$ 

5 for / = 1 to 7i ^ > 

6 for i = 1 to 77 -&4*i 

7 7 = i + /-lC 

8 e[i,j] = oo 0^ 

9 u>[i, 7] = io[z, j Pi + qj 

10 for r = i to j \J . 

11 f = «[i,r-l] + ^+l,y] + u?[i, 7'] 

12 if t<e[i,j] O 

13 c[i,y'] = « & 

14 root[i,j] = r 

1 5 return e and root ~< / £) 

From the description above and the similarity to th^N^ATRiX-CHAlN-ORDER pro- 
cedure in Section 15.2, you should find the operation of this procedure to be fairly 
straightforward. The for loop of lines 2-A initializes^the values of e[i,i — 1] 
and w[i,i — 1]. The for loop of lines 5-14 then uses the recurrences (15.14) 
and (15.15) to compute e[i, j] and w[i, j] for all 1 < i <y^Ln. In the first itera- 
tion, when 1 = 1, the loop computes e[i, i] and w[i, i] for i =^?, 2, . . . , n. The sec- 
ond iteration, with 1=2, computes e[i, i + 1] and w[i, i + 1] for i = 1,2,... ,77 — 1, 
and so forth. The innermost for loop, in lines 10-14, tries each candidate index r 
to determine which key k r to use as the root of an optimal binary search tree con- 
taining keys ki, . . . ,kj. This for loop saves the current value of the index r in 
root[i, 7 ] whenever it finds a better key to use as the root. 

Figure 15.10 shows the tables e[i,j], w[i,j], and root[i,j] computed by the 
procedure Optimal-BST on the key distribution shown in Figure 15.9. As in the 
matrix-chain multiplication example of Figure 15.5, the tables are rotated to make 
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Figure 15.10 The tables e[i, j], w[i % j], and root[i, j] computed by OPTIMAL-BST on the key 
distribution shown in Figure 15.9. The tables are rotated so that the diagonals run horizontally. 



the diagonals run horizontally. Optim@-BST computes the rows from bottom to 
top and from left to right within each ro\^\ 

The Optimal-BST procedure takes (s^v 3 ) time, just like Matrix-Chain- 
Order. We can easily see that its running^^tfije is 0(n 3 ), since its for loops are 
nested three deep and each loop index takes on a^roost n values. The loop indices in 
Optimal-BST do not have exactly the same boun&§ as those in Matrix-Chain- 
Order, but they are within at most 1 in all directions. Thus, like Matrix-Chain- 
Order, the Optimal-BST procedure takes £2(fl 3 )*ti^. 



Exercises 



O 



15.5-1 

Write pseudocode for the procedure CONSTRUCT-OPTIMAL-BST (root) which, 
given the table wot, outputs the structure of an optimal binary search tree. For the 
example in Figure 15.10, your procedure should print out the structure 
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k 2 is the root 
k\ is the left child of k 2 
d 0 is the left child of ky 
\^jdi is the right child of k\ 
v is the right child of k 2 

the left child of k 5 
/t 3 i£\Jhe left child of k 4 
d 2 is tk& left child of k 3 
dj, is tfte^ight child of k^ 
d 4 is the^igbfr child of k 4 
d 5 is the righj^hild of k 5 

corresponding to {^optimal binary search tree shown in Figure 15.9(b). 
15.5-2 <\. 

Determine the cost ancrste^cture of an optimal binary search tree for a set of n = 1 
keys with the following probabilities: 



i 


0 1 


2 


3 Y<4 


5 


6 


7 


Pi 
1i 


0.04 
0.06 0.06 


0.06 
0.06 


0.08 

0.06 ffm 


0.10 
0.05 


0.12 
0.05 


0.14 
0.05 



•■d 



Problems 



15.5-3 

Suppose that instead of maintainingMhe table w[i,j], we computed the value 
of w(i, j) directly from equation (15.12^ line 9 of Optimal-BST and used this 
computed value in line 1 1 . How would th(p3hange affect the asymptotic running 
time of Optimal-BST? ^ 

15.5-4 * Q 

Knuth [212] has shown that there are always rootsyfcff optimal subtrees such that 
root[i, j — 1] < root[i, j] < root[i + 1, j] for all 1 < i < j < n. Use this fact to 
modify the Optimal-BST procedure to run in @(n 2 ] ) time. 

^ 



15-1 Longest simple path in a directed acyclic graph 

Suppose that we are given a directed acyclic graph G = (V, E) with real- 
valued edge weights and two distinguished vertices s and t. Describe a dynamic- 
programming approach for finding a longest weighted simple path from s to t. 
What does the subproblem graph look like? What is the efficiency of your algo- 
rithm? 
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Figure 15.11 §evfcn points in the plane, shown on a unit grid, (a) The shortest closed tour, with 
length approximatelw24.89. This tour is not bitonic. (b) The shortest bitonic tour for the same set of 
points. Its length is ^proximately 25.58. 

15-2 Longest palindrMpe subsequence 

A palindrome is a nonempty string over some alphabet that reads the same for- 
ward and backward. Exaraptes of palindromes are all strings of length 1, civic, 
racecar, and aibohphobia (fear of palindromes). 

Give an efficient algorithm^? find the longest palindrome that is a subsequence 
of a given input string. For example^ given the input character, your algorithm 
should return carac. What is thevu)mung time of your algorithm? 

15-3 Bitonic euclidean traveling-satgSfnan problem 

In the euclidean traveling-salesman pr^em, we are given a set of n points in 
the plane, and we wish to find the shortes^iosed tour that connects all n points. 
Figure 15.11(a) shows the solution to a 7 -pp^lj problem. The general problem is 
NP-hard, and its solution is therefore believedHy require more than polynomial 
time (see Chapter 34). s\ 

J. L. Bentley has suggested that we simplify the fjroblem by restricting our at- 
tention to bitonic tours, that is, tours that start at the^leftmost point, go strictly 
rightward to the rightmost point, and then go strictly teuward back to the starting 
point. Figure 15.11(b) shows the shortest bitonic tour ortnajsame 7 points. In this 
case, a polynomial-time algorithm is possible. 

Describe an 0(« 2 )-time algorithm for determining an optimal bitonic tour. You 
may assume that no two points have the same x-coordinate and that all operations 
on real numbers take unit time. {Hint: Scan left to right, maintaining optimal pos- 
sibilities for the two parts of the tour.) 



15-4 Printing neatly 

Consider the problem of neatly printing a paragraph with a monospaced font (all 
characters having the same width) on a printer. The input text is a sequence of n 
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words of lengths l\ , l 2 , . . . , /„, measured in characters. We want to print this para- 
graph neatly on a number of lines that hold a maximum of M characters each. Our 
•^brherion of "neatness" is as follows. If a given line contains words i through j , 
ympre i < j , and we leave exactly one space between words, the number of extra 
sp^tsfo characters at the end of the line is M — j + i — Ylk=i ^ which must be 
norrn^gj^tive so that the words fit on the line. We wish to minimize the sum, over 
all lirie^E«cept the last, of the cubes of the numbers of extra space characters at the 
ends oripras. Give a dynamic-programming algorithm to print a paragraph of n 
words neatlWm a printer. Analyze the running time and space requirements of 
your algorithm a ♦ 

15-5 Edit distdnca 

In order to transfonri^ne source string of text x[l . . m] to a target string y[\ , , n], 
we can perform various^ transformation operations. Our goal is, given x and y, 
to produce a series of transformations that change x to y. We use an ar- 
ray z — assumed to be large enough to hold all the characters it will need— to hold 
the intermediate results. IiHtfaUy, z is empty, and at termination, we should have 
z[j] = y[j] for j = 1,2,.. \n. We maintain current indices i into x and j into z, 
and the operations are allowed falter z and these indices. Initially, i = j = 1. 
We are required to examine every«character in x during the transformation, which 
means that at the end of the sequerf©of transformation operations, we must have 
i = m + 1. \/ 

We may choose from among six transformation operations: 

Copy a character from x to z by setting ^(/f^^ x[i] and then incrementing both i 
and j . This operation examines x[i]. 

Replace a character from x by another character ^ by setting z[j] = c, and then 
incrementing both i and j . This operation exami^s x[i]. 

Delete a character from x by incrementing i but leavjng j alone. This operation 
examines x[i]. 

Insert the character c into z by setting z[j] = c and tl(eXincrementing j , but 
leaving i alone. This operation examines no characters o?p. 

Twiddle (i.e., exchange) the next two characters by copying them from x to z but 
in the opposite order; we do so by setting z[j] = x[i + 1] and z[j + 1] = x[i] 
and then setting i = i + 2 and j = j + 2. This operation examines x[i] 
and x[i + 1]. 

Kill the remainder of x by setting / = m + 1 . This operation examines all char- 
acters in x that have not yet been examined. This operation, if performed, must 
be the final operation. 
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As an example, one way to transform the source string algorithm to the target 
string altruistic is to use the following sequence of operations, where the 
^\ underlined characters are x[i] and z[j] after the operation: 

Operation x z 

' strings algorithm 

algorithm a_ 

algorithm al_ 

algorithm alt_ 

algorithm alt_ 

algorithm altr_ 

algorithm altru_ 

•^^lgorithm altrui_ 

^e&gorithm altruis_ 

al£6rithm altruisti_ 

algorithm altruistic_ 

algo^ithm_ altruistic_ 

Note that there are several qrffter sequences of transformation operations that trans- 
form algorithm to altru^tic. 

Each of the transformation operations has an associated cost. The cost of an 
operation depends on the specificv^plication, but we assume that each operation's 
cost is a constant that is known to i^AVe also assume that the individual costs of 
the copy and replace operations are less^than the combined costs of the delete and 
insert operations; otherwise, the copy and-replace operations would not be used. 
The cost of a given sequence of transformation operations is the sum of the costs 
of the individual operations in the sequencV-f or the sequence above, the cost of 
transforming algorithm to altruisticHs^ 

(3 ■ cost(copy)) + cost(replace) + cost(delete) +($ • cost(insert)) 
+ cost(twiddle) + cost(kill) . • 

a. Given two sequences x[\ . . m] and y[l , , n] and set^bfl^ansformation-operation 
costs, the edit distance from x to y is the cost of the I^^t expensive operation 
sequence that transforms x to y. Describe a dynamic -programming algorithm 
that finds the edit distance from x[l . . m] to y [1 . . n] and prints an optimal op- 
eration sequence. Analyze the running time and space requirements of your 
algorithm. 

The edit-distance problem generalizes the problem of aligning two DNA sequences 
(see, for example, Setubal and Meidanis [310, Section 3.2]). There are several 
methods for measuring the similarity of two DNA sequences by aligning them. 
One such method to align two sequences x and y consists of inserting spaces at 
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arbitrary locations in the two sequences (including at either end) so that the result- 
ing sequences x' and y' have the same length but do not have a space in the same 
•^position (i.e., for no position j are both x'[j] and y'[j] a space). Then we assign a 
v^ore" to each position. Position j receives a score as follows: 

^lif x'[j] = y'[j] and neither is a space, 

— Hfx^'L/] ^ y'[j] and neither is a space, 



—2 if ^ier x'[j] or y'[j] is a space. 

The score ft5rlhe alignment is the sum of the scores of the individual positions. For 
example, give^fhe sequences x = GATCGGCAT and y = CAATGTGAATC, one 
alignment is v^) 

G ATCG GCAT 
CAAT GTGAATC O 
-*++*+*+-++* \> 

A + under a position indfsates a score of + 1 for that position, a - indicates a score 
of —1, and a * indicates aWjre of —2, so that this alignment has a total score of 
6- 1-2-1-4-2 = -4. O 

b. Explain how to cast the problem of finding an optimal alignment as an edit 
distance problem using a subseUaKfhe transformation operations copy, replace, 
delete, insert, twiddle, and kill. \^ 

o 

pfbSicient 

a company party. The company has a hierarcrncfcl structure; that is, the supervisor 
relation forms a tree rooted at the president. ThVpersonnel office has ranked each 
employee with a conviviality rating, which is a reaTmimber. In order to make the 
party fun for all attendees, the president does not want both an employee and his 
or her immediate supervisor to attend. • 

Professor Stewart is given the tree that describes the s^fcture of the corporation, 
using the left-child, right-sibling representation describe&Jh Section 10.4. Each 
node of the tree holds, in addition to the pointers, the narnVpf an employee and 
that employee's conviviality ranking. Describe an algorithm to make up a guest 
list that maximizes the sum of the conviviality ratings of the guests. Analyze the 
running time of your algorithm. 



15-6 Planning a company party 
Professor Stewart is consulting for the pfbsTclent of a corporation that is planning 



15-7 Viterbi algorithm 

We can use dynamic programming on a directed graph G = (V, E) for speech 
recognition. Each edge (u, v) € E is labeled with a sound a(u, v) from a fi- 
nite set £ of sounds. The labeled graph is a formal model of a person speaking 
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a restricted language. Each path in the graph starting from a distinguished ver- 
tex v 0 € V corresponds to a possible sequence of sounds produced by the model. 
^\ We define the label of a directed path to be the concatenation of the labels of the 
y'raiges on that path. 

a^Ttescribe an efficient algorithm that, given an edge-labeled graph G with dis- 
tinguished vertex v 0 and a sequence s = (o~\, a 2 , ■ ■ ■ , &k) of sounds from £, 
returns a path in G that begins at v 0 and has s as its label, if any such path exists. 
Oth^^ise, the algorithm should return NO-SUCH-PATH. Analyze the running 
time d^our algorithm. (Hint: You may find concepts from Chapter 22 useful.) 



Now, supposeAat every edge (u, v) e E has an associated nonnegative proba- 
bility p(u,v) «f traversing the edge (u, v) from vertex u and thus producing the 
corresponding scramk The sum of the probabilities of the edges leaving any vertex 
equals 1. The probability of a path is defined to be the product of the probabil- 
ities of its edges. \fae can view the probability of a path beginning at v 0 as the 
probability that a "ransom walk" beginning at v 0 will follow the specified path, 
where we randomly chod^which edge to take leaving a vertex u according to the 
probabilities of the availabl((edges leaving u. 

b. Extend your answer to part^(a) so that if a path is returned, it is a most prob- 
able path starting at v 0 and Tiayifig label s. Analyze the running time of your 
algorithm. \^ 

15-8 Image compression by seam cayhttg 

We are given a color picture consisting 6* : aiwM x n array A[\ . .m, \ , ,n]oi pixels, 
where each pixel specifies a triple of red, grceii, and blue (RGB) intensities. Sup- 
pose that we wish to compress this picture sKghm' Specifically, we wish to remove 
one pixel from each of the m rows, so that the^whole picture becomes one pixel 
narrower. To avoid disturbing visual effects, however, we require that the pixels 
removed in two adjacent rows be in the same or adjacent columns; the pixels re- 
moved form a "seam" from the top row to the bottom ^pW where successive pixels 
in the seam are adjacent vertically or diagonally. O 



a. Show that the number of such possible seams grows at least exponentially in m, 
assuming that n > 1 . 

b. Suppose now that along with each pixel y'], we have calculated a real- 
valued disruption measure d[i,j], indicating how disruptive it would be to 
remove pixel ^4[z, _/]. Intuitively, the lower a pixel's disruption measure, the 
more similar the pixel is to its neighbors. Suppose further that we define the 
disruption measure of a seam to be the sum of the disruption measures of its 
pixels. 



Chapter 15 Dynamic Programming 



Give an algorithm to find a seam with the lowest disruption measure. How 
efficient is your algorithm? 

JSy) Breaking a string 

A'isertain string-processing language allows a programmer to break a string into 
twopi^ces. Because this operation copies the string, it costs n time units to break 
a striflgrtif n characters into two pieces. Suppose a programmer wants to break 
a stringMwo many pieces. The order in which the breaks occur can affect the 
total amountiof time used. For example, suppose that the programmer wants to 
break a 20-okarjicter string after characters 2, 8, and 10 (numbering the characters 
in ascending wdgr from the left-hand end, stalling from 1). If she programs the 
breaks to occur left-to-right order, then the first break costs 20 time units, the 
second break cos time units (breaking the string from characters 3 to 20 at 
character 8), and the(tnird break costs 12 time units, totaling 50 time units. If she 
programs the breaks ft^ccur in right-to-left order, however, then the first break 
costs 20 time units, the second break costs 10 time units, and the third break costs 
8 time units, totaling 38 tin^>units. In yet another order, she could break first at 8 
(costing 20), then break the 1^£t piece at 2 (costing 8), and finally the right piece 
at 10 (costing 12), for a total co^pf 40. 

Design an algorithm that, given^the numbers of characters after which to break, 
determines a least-cost way to seq^ice those breaks. More formally, given a 
string S with n characters and an arrayp[l . . m] containing the break points, com- 
pute the lowest cost for a sequence of breaks, along with a sequence of breaks that 
achieves this cost. 

15-10 Planning an investment strategy \3 > 

Your knowledge of algorithms helps you obfaiff an exciting job with the Acme 
Computer Company, along with a $10,000 signCag' Jponus. You decide to invest 
this money with the goal of maximizing your retu^at the end of 10 years. You 
decide to use the Amalgamated Investment Company to manage your investments. 
Amalgamated Investments requires you to observe the following rules. It offers n 
different investments, numbered 1 through n. In each year (^investment i provides 
a return rate of r, ; . In other words, if you invest d dollars iniwestment i in year j , 
then at the end of year j , you have dry dollars. The return rates are guaranteed, 
that is, you are given all the return rates for the next 10 years for each investment. 
You make investment decisions only once per year. At the end of each year, you 
can leave the money made in the previous year in the same investments, or you 
can shift money to other investments, by either shifting money between existing 
investments or moving money to a new investement. If you do not move your 
money between two consecutive years, you pay a fee of f\ dollars, whereas if you 
switch your money, you pay a fee of f 2 dollars, where f 2 > f\. 
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a. The problem, as stated, allows you to invest your money in multiple investments 
in each year. Prove that there exists an optimal investment strategy that, in 

^\ each year, puts all the money into a single investment. (Recall that an optimal 
investment strategy maximizes the amount of money after 10 years and is not 
(^concerned with any other objectives, such as minimizing risk.) 

b. ^Pw^e that the problem of planning your optimal investment strategy exhibits 
1 substructure. 

c. Design^n algorithm that plans your optimal investment strategy. What is the 
running "tj^je^of your algorithm? 

d. Suppose that^malgamated Investments imposed the additional restriction that, 
at any point, y^tfean have no more than $15,000 in any one investment. Show 
that the problem^ maximizing your income at the end of 10 years no longer 
exhibits optimal substructure. 

15-11 Inventory plannm^\ 

The Rinky Dink Company rn^es machines that resurface ice rinks. The demand 
for such products varies from month to month, and so the company needs to de- 
velop a strategy to plan its manufacturing given the fluctuating, but predictable, 
demand. The company wishes to ctesign a plan for the next n months. For each 
month i , the company knows the demand d t , that is, the number of machines that 
it will sell. Let D = X^=i ^ ^ e the wftal demand over the next n months. The 
company keeps a full-time staff who provide labor to manufacture up to m ma- 
chines per month. If the company needs to Snake more than m machines in a given 
month, it can hire additional, part-time lab6l>at a cost that works out to c dollars 
per machine. Furthermore, if, at the end of a riiohth, the company is holding any 
unsold machines, it must pay inventory costs. The. cost for holding j machines is 
given as a function h(j) for j = 1, 2, . . . , D, where»/z(j ) > Ofor 1 < j < D and 
h(j) < h(j + 1) for 1 < j < D - 1. O 

Give an algorithm that calculates a plan for the compa@that minimizes its costs 
while fulfilling all the demand. The running time should btj^plyomial in n and D . 

15-12 Signing free-agent baseball players 

Suppose that you are the general manager for a major-league baseball team. During 
the off-season, you need to sign some free-agent players for your team. The team 
owner has given you a budget of %X to spend on free agents. You are allowed to 
spend less than %X altogether, but the owner will fire you if you spend any more 
than %X. 
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You are considering TV different positions, and for each position, P free-agent 
s players who play that position are available. 8 Because you do not want to overload 
\^our roster with too many players at any position, for each position you may sign 
«Onost one free agent who plays that position. (If you do not sign any players at a 
particular position, then you plan to stick with the players you already have at that 
positjtm.) 

To determine how valuable a player is going to be, you decide to use a sabermet- 
ric statistvel known as "VORP," or "value over replacement player." A player with 
a higher VORP is more valuable than a player with a lower VORP. A player with a 
higher VORr is not necessarily more expensive to sign than a player with a lower 
VORP, because factors other than a player's value determine how much it costs to 
sign him. <S 

For each available^|^e-agent player, you have three pieces of information: 

• the player's position^' 

• the amount of money(tt^will cost to sign the player, and 

• the player's VORP. <\ 

Devise an algorithm that maximizes the total VORP of the players you sign while 
spending no more than $X altogether. You may assume that each player signs for a 
multiple of $100,000. Your algorith^hould output the total VORP of the players 
you sign, the total amount of moneyyV^iu spend, and a list of which players you 
sign. Analyze the running time and spacQequirement of your algorithm. 



Chapter notes 

R. Bellman began the systematic study of dynamj^^rogramming in 1955. The 
word "programming," both here and in linear programming, refers to using a tab- 
ular solution method. Although optimization techniques^corporating elements of 
dynamic programming were known earlier, Bellman provi^i the area with a solid 
mathematical basis [37]. 



Although there are nine positions on a baseball team, N is not necesarily equal to 9 because some 
general managers have particular ways of thinking about positions. For example, a general manager 
might consider right-handed pitchers and left-handed pitchers to be separate "positions," as well as 
starting pitchers, long relief pitchers (relief pitchers who can pitch several innings), and short relief 
pitchers (relief pitchers who normally pitch at most only one inning). 

9 Sabermetrics is the application of statistical analysis to baseball records. It provides several ways 
to compare the relative values of individual players. 
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Galil and Park [125] classify dynamic -programming algorithms according to the 
size of the table and the number of other table entries each entry depends on. They 
\§\ call a dynamic -programming algorithm tD/eD if its table size is 0(n') and each 
v^aitry depends on 0{n e ) other entries. For example, the matrix-chain multiplication 
algorithm in Section 15.2 would be 2D /ID, and the longest-common-subsequence 
alfefjfhm in Section 15.4 would be 2D/0D. 

Hu^aid Shing [182, 183] give an 0(n lg«)-time algorithm for the matrix-chain 
multiplication problem. 

The 0>Yf««)-time algorithm for the longest-common-subsequence problem ap- 
pears to bera folk algorithm. Knuth [70] posed the question of whether subquadratic 
algorithms rerAe LCS problem exist. Masek and Paterson [244] answered this 
question in the^affirmative by giving an algorithm that runs in 0(mn / \gn) time, 
where n < m ana the sequences are drawn from a set of bounded size. For the 
special case in winch np element appears more than once in an input sequence, 
Szymanski [326] shd^sljow to solve the problem in 0((n + m) lg(n + m)) time. 
Many of these results Extend to the problem of computing string edit distances 
(Problem 15-5). <J> 

An early paper on variabt^ength binary encodings by Gilbert and Moore [133] 
had applications to constructii(|)optimal binary search trees for the case in which all 
probabilities p t are 0; this paper contains an 0(« 3 )-time algorithm. Aho, Hopcroft, 
and Ullman [5] present the algorithm from Section 15.5. Exercise 15.5-4 is due to 
Knuth [212]. Hu and Tucker [184] devised an algorithm for the case in which all 
probabilities p t are 0 that uses 0{n )^time and 0(n) space; subsequently, Knuth 
[211] reduced the time to 0(n lg n). r\ 

Problem 15-8 is due to Avidan and Sh^mk [27], who have posted on the Web a 
wonderful video illustrating this image-compE&ssion technique. 



16 • Greedy Algorithms 

Algorithms for optimization problems typically go through a sequence of steps, 
with a set of choices 2*(each step. For many optimization problems, using dynamic 
programming to determine the best choices is overkill; simpler, more efficient al- 
gorithms will do. A greefa algorithm always makes the choice that looks best at 
the moment. That is, it makps a locally optimal choice in the hope that this choice 
will lead to a globally optiraal^olution. This chapter explores optimization prob- 
lems for which greedy algorfthms provide optimal solutions. Before reading this 
chapter, you should read about^oynamic programming in Chapter 15, particularly 
Section 15.3. • > 

Greedy algorithms do not always v @ld.optimal solutions, but for many problems 
they do. We shall first examine, in Section 16.1, a simple but nontrivial problem, 
the activity-selection problem, for whic{J3 greedy algorithm efficiently computes 
an optimal solution. We shall arrive at l©s greedy algorithm by first consider- 
ing a dynamic -programming approach andtfo^fr showing that we can always make 
greedy choices to arrive at an optimal solutjp^ Section 16.2 reviews the basic 
elements of the greedy approach, giving a direct^iproach for proving greedy al- 
gorithms correct. Section 16.3 presents an important application of greedy tech- 
niques: designing data-compression (Huffman) codes. In Section 16.4, we inves- 
tigate some of the theory underlying combinatorial strastures called "matroids," 
for which a greedy algorithm always produces an optimal-solution. Finally, Sec- 
tion 16.5 applies matroids to solve a problem of schedulrrrjWinit-time tasks with 
deadlines and penalties. 

The greedy method is quite powerful and works well for a wide range of prob- 
lems. Later chapters will present many algorithms that we can view as applica- 
tions of the greedy method, including minimum-spanning-tree algorithms (Chap- 
ter 23), Dijkstra's algorithm for shortest paths from a single source (Chapter 24), 
and Chvatal's greedy set-covering heuristic (Chapter 35). Minimum-spanning-tree 
algorithms furnish a classic example of the greedy method. Although you can read 
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this chapter and Chapter 23 independently of each other, you might find it useful 
, to read them together. 

^ 



16.1 An acti^jJtyrselection problem 



Our f^slt example is the problem of scheduling several competing activities that re- 
quire exclusive use of a common resource, with a goal of selecting a maximum-size 
set of mutfj^Liy compatible activities. Suppose we have a set S = {di, a 2 , • • • ,a„} 
of n proposer activities that wish to use a resource, such as a lecture hall, which 
can serve only<^e activity at a time. Each activity a, has a start time s, and a finish 
time ft, where s t < f < oo. If selected, activity a t takes place during the 
half-open time intef^al [S{, f). Activities a, and a 7 are compatible if the intervals 
[Si, fi) and [Sj, fj) do>not overlap. That is, a, and aj are compatible if s, > fj 
or Sj > f - In the activity-selection problem, we wish to select a maximum-size 
subset of mutually compatible activities. We assume that the activities are sorted 
in monotonically increasing^sirder of finish time: 

/i</2</ 3 <•••</»-! :©",». (i6.i) 

(We shall see later the advantage^tfiat this assumption provides.) For example, 
consider the following set S of activities: 

Q 10 11 



1 3 0 5 3 5 6 8 8 (\ 12 
4 5 6 7 9 9 10 11 12 Ot?^ 16 



For this example, the subset {a 3 , a 9 , a 1 1 } cons^l^ of mutually compatible activities. 
It is not a maximum subset, however, since the (Subset {ai, a 4 , a 8 , an} is larger. In 
fact, {d 1 ,fl 4 ,(j 8 ,(Ji 1 } is a largest subset of mutuau^compatible activities; another 
largest subset is {a 2 , $4, Qg, Cl\\ }. 

We shall solve this problem in several steps. We^start by thinking about a 
dynamic-programming solution, in which we considensexeral choices when deter- 
mining which subproblems to use in an optimal solution. ^Wgtshall then observe that 
we need to consider only one choice— the greedy choice— <jnti that when we make 
the greedy choice, only one subproblem remains. Based on these observations, we 
shall develop a recursive greedy algorithm to solve the activity-scheduling prob- 
lem. We shall complete the process of developing a greedy solution by converting 
the recursive algorithm to an iterative one. Although the steps we shall go through 
in this section are slightly more involved than is typical when developing a greedy 
algorithm, they illustrate the relationship between greedy algorithms and dynamic 
programming. 
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The optimal substructure of the activity-selection problem 



e can easily verify that the activity-selection problem exhibits optimal substruc- 
Let us denote by Sy the set of activities that start after activity a, finishes and 
that finish before activity aj starts. Suppose that we wish to find a maximum set of 
muroaih' compatible activities in Sy , and suppose further that such a maximum set 
is y4, 7 vwhich includes some activity a^- By including cik in an optimal solution, we 
are leftwith two subproblems: finding mutually compatible activities in the set S{k 
(activities^at start after activity a, finishes and that finish before activity starts) 
and nnding^pJutually compatible activities in the set Sy (activities that start after 
activity fifties and that finish before activity cij starts). Let A t k = Ay D S,k 
and Akj = Ay ffokj, so that A^ contains the activities in Ay that finish before a& 
starts and A k j coi^ins the activities in Ay that start after finishes. Thus, we 
have Ay = A t k U {a^) U Ay, and so the maximum-size set Ay of mutually com- 
patible activities in Sy^bnsists of \Ay \ = \A,k\ + \Akj \ + 1 activities. 

The usual cut-and-pas^Wgument shows that the optimal solution Ay must also 
include optimal solutions to*. the two subproblems for Sik and Skj. If we could 
find a set A' kj of mutually compatible activities in where \ A' kj \ > \A k j\, then 
we could use A'.. , rather than A^j , in a solution to the subproblem for Sy . We 
would have constructed a set or[^4,^| + \A' kJ \ + 1 > \A ik \ + \A k j\ + 1 = \Ay\ 
mutually compatible activities, wWatf contradicts the assumption that Ay is an 
optimal solution. A symmetric argument>applies to the activities in Si k . 

This way of characterizing optimaKsubstructure suggests that we might solve 
the activity-selection problem by dynairWprogramming. If we denote the size of 
an optimal solution for the set Sy by c [i , >£j<Then we would have the recurrence 

c[i,j] = c[i,k] + c[k,j] + l. ^ 

Of course, if we did not know that an optimal tion for the set Sy includes 
activity a k , we would have to examine all activities in Sy to find which one to 
choose, so that • 

o 

_ ( 0 ]fSy =0, O 

c[ *'^ ~ ) max {c[i,k] + c[k,j] + 1} if Sy + 0 . <X (16 " 2) 

We could then develop a recursive algorithm and memoize it, or we could work 
bottom-up and fill in table entries as we go along. But we would be overlooking 
another important characteristic of the activity-selection problem that we can use 
to great advantage. 
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Making the greedy choice 

rv What if we could choose an activity to add to our optimal solution without having 

first solve all the subproblems? That could save us from having to consider all 
vfhe choices inherent in recurrence (16.2). In fact, for the activity-selection problem, 
weWed consider only one choice: the greedy choice. 

What do we mean by the greedy choice for the activity-selection problem? Intu- 
ition suggests that we should choose an activity that leaves the resource available 
for as ihfMiy other activities as possible. Now, of the activities we end up choos- 
ing, one o^hem must be the first one to finish. Our intuition tells us, therefore, 
to choose th^activity in S with the earliest finish time, since that would leave the 
resource avaiMjjle for as many of the activities that follow it as possible. (If more 
than one activitj^ih S has the earliest finish time, then we can choose any such 
activity.) In other wj§rds, since the activities are sorted in monotonically increasing 
order by finish timeythe greedy choice is activity a\. Choosing the first activity 
to finish is not the onl^&ay to think of making a greedy choice for this problem; 
Exercise 16.1-3 asks you^to.explore other possibilities. 

If we make the greedy choice, we have only one remaining subproblem to solve: 
finding activities that start ateK a\ finishes. Why don't we have to consider ac- 
tivities that finish before a x starts? We have that S\ < fi, and fi is the earliest 
finish time of any activity, and therefore no activity can have a finish time less than 
or equal to Si. Thus, all activitiesMriat>are compatible with activity ct\ must start 
after a \ finishes. \ 

Furthermore, we have already established that the activity-selection problem ex- 
hibits optimal substructure. LetSV = {a£g*S : s t > /*} be the set of activities that 
stall after activity finishes. If we make ;reedy choice of activity a \ , then S\ 
remains as the only subproblem to solve. 1 €@mal substructure tells us that if a \ 
is in the optimal solution, then an optimal solut© to the original problem consists 
of activity a i and all the activities in an optimal solution to the subproblem Si . 

One big question remains: is our intuition correct? Is the greedy choice— in 
which we choose the first activity to finish— always paffpf some optimal solution? 
The following theorem shows that it is. Q 

£ 

1 We sometimes refer to the sets as subproblems rather than as just sets of activities. It will always 
be clear from the context whether we are referring to as a set of activities or as a subproblem 
whose input is that set. 
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Theorem 16.1 

Consider any nonempty subproblem Sk, and let a m be an activity in Sk with the 
<Coarliest finish time. Then a m is included in some maximum-size subset of mutually 
«dj?ipatible activities of Sk- 




! Let Ak be a maximum-size subset of mutually compatible activities in Sk, 
ie"t/«\ be the activity in Ak with the earliest finish time. If cij = a m , we are 
done, smoa we have shown that a m is in some maximum-size subset of mutually 
compatible activities of Sk- If cij ^ a m , let the set A' k = A k — {cij} U {a m } be Ak 
but substitutingva m for Oj . The activities in A' k are disjoint, which follows because 
the activities mj^fr are disjoint, cij is the first activity in Ak to finish, and f m < fj. 
Since \A' k \ = [4% L we conclude that A' k is a maximum-size subset of mutually 
compatible activities^ Sk, and it includes a m . ■ 

Thus, we see that although we might be able to solve the activity-selection prob- 
lem with dynamic progi^mming, we don't need to. (Besides, we have not yet 
examined whether the acti^y-selection problem even has overlapping subprob- 
lems.) Instead, we can repea^ly choose the activity that finishes first, keep only 
the activities compatible with tfrte activity, and repeat until no activities remain. 
Moreover, because we always choose the activity with the earliest finish time, the 
finish times of the activities we cheese must strictly increase. We can consider 
each activity just once overall, in mortot^nically increasing order of finish times. 

An algorithm to solve the activity^seiection problem does not need to work 
bottom-up, like a table-based dynamic Wsgramming algorithm. Instead, it can 
work top-down, choosing an activity to puCink) the optimal solution and then solv- 
ing the subproblem of choosing activities frordmose that are compatible with those 
already chosen. Greedy algorithms typicaliy<naye this top-down design: make a 
choice and then solve a subproblem, rather than thQ)Qttom-up technique of solving 
subproblems before making a choice. C 

• 

A recursive greedy algorithm 

Now that we have seen how to bypass the dynamic -programi^tag approach and in- 
stead use a top-down, greedy algorithm, we can write a straigntforward, recursive 
procedure to solve the activity-selection problem. The procedure Recursive- 
Activity- Selector takes the start and finish times of the activities, represented 
as arrays s and f, 2 the index k that defines the subproblem Sk it is to solve, and 



Because the pseudocode takes s and / as arrays, it indexes into them with square brackets rather 
than subscripts. 
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the size n of the original problem. It returns a maximum-size set of mutually com- 
patible activities in Sk ■ We assume that the n input activities are already ordered 
•^\by monotonically increasing finish time, according to equation (16.1). If not, we 
v^aan sort them into this order in 0{n\gn) time, breaking ties arbitrarily. In order 
toOjtart, we add the fictitious activity a 0 with f 0 = 0, so that subproblem So is 
the^CTtire set of activities S. The initial call, which solves the entire problem, is 
RecI^ive-Activity-SelectorOs, /, 0, n). 

Recurst\«-Activity-Selector(>, /, k, n) 

1 m = 

2 while m and s[m] < f[k] II find the first activity in Sk to finish 

3 m = fn-hA 

4 if m < n J( 

5 return u Recursive- Activity-Selector (s, f,m,n) 

6 else return 0 ^ 

Figure 16.1 shows th^^Reration of the algorithm. In a given recursive call 
Recursive-Activity-SeCector(>, f,k,n), the while loop of lines 2-3 looks 
for the first activity in Sk to(^)iish. The loop examines ctk+i,cik+2> ■ ■ ■ un- 
til it finds the first activity OmrfhaLis compatible with a^, such an activity has 
s m > fk- If the loop terminates v @cause it finds such an activity, line 5 returns 
the union of {a m } and the maximum^ze subset of S m returned by the recursive 
call Recursive-Activity-Select(^(5, /, m,n). Alternatively, the loop may 
terminate because m > n, in which ca£e\we have examined all activities in Sk 



without finding one that is compatible wit^^^. In this case, Sk = 0, and so the 
procedure returns 0 in line 6. 

Assuming that the activities have already been-sprted by finish times, the running 
time of the call Recursive-Activity-Selecto^s, /, 0,n) is ©(«), which we 
can see as follows. Over all recursive calls, each activity is examined exactly once 
in the while loop test of line 2. In particular, activit/a>js examined in the last call 
made in which k < i. v 

An iterative greedy algorithm S 

We easily can convert our recursive procedure to an iterative one. The procedure 
Recursive-Activity-Selector is almost "tail recursive" (see Problem 7-4): 
it ends with a recursive call to itself followed by a union operation. It is usually a 
straightforward task to transform a tail-recursive procedure to an iterative form; in 
fact, some compilers for certain programming languages perform this task automat- 
ically. As written, Recursive-Activity-Selector works for subproblems Sk, 
i.e., subproblems that consist of the last activities to finish. 
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Figure 16.1 The operation of RECURSIVE-ACTIVITY-SELECTOR on the 11 activities given ear- 
lier. Activities considered in each recursive call appear between horizontal lines. The fictitious 
activity ao finishes at time 0, and the initial call RECURSIVE-ACTIVITY-SELECTOR(.s, /, 0, 1 1), se- 
lects activity a i . In each recursive call, the activities that have already been selected are shaded, 
and the activity shown in white is being considered. If the starting time of an activity occurs before 
the finish time of the most recently added activity (the arrow between them points left), it is re- 
jected. Otherwise (the arrow points directly up or to the right), it is selected. The last recursive call, 
Recursive-Activity-SelectorO?, /, 1 1 , 1 1), returns 0. The resulting set of selected activities is 
{ai,a4,ag,ail}. 
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The procedure Greedy- Activity-Selector is an iterative version of the pro- 
cedure Recursive-Activity-Selector. It also assumes that the input activi- 
^\ ties are ordered by monotonically increasing finish time. It collects selected activ- 
y^ies into a set A and returns this set when it is done. 




dy- Activity-Selector (s, f) 

1 hfa s. length 

2 A*# ai } 

3 k 

4 for m ^=2to n 

5 if s^nW f[k] 

6 A-<=^AU{a m ) 
1 k — 

8 return A ^ ^, 

The procedure work^asfollows. The variable k indexes the most recent addition 
to A, corresponding to tH^ctivity in the recursive version. Since we consider 
the activities in order of mpnotonically increasing finish time, fk is always the 
maximum finish time of any ^tlvity in A. That is, 

f k = maxjy; -.at e A} . * ^ (16.3) 

Lines 2-3 select activity ct\, initializ^^to contain just this activity, and initialize k 
to index this activity. The for loop of@es 4-7 finds the earliest activity in Sk to 
finish. The loop considers each activity ^)in turn and adds a m to A if it is compat- 
ible with all previously selected activities ;^ich an activity is the earliest in Sk to 
finish. To see whether activity a m is compadfrla with every activity currently in A, 
it suffices by equation (16.3) to check (in line cpfthat its start time s m is not earlier 
than the finish time fk of the activity most recently added to A. If activity a m is 
compatible, then lines 6-7 add activity a m to A and set k to m. The set A returned 
by the call Greedy- Activity-Selector (s, f) is precisely the set returned by 
the call Recursive-Activity-Selector (s, f,0,np^ 

Like the recursive version, Greedy-Activity-Selector schedules a set of n 
activities in &(n) time, assuming that the activities were alfgady sorted initially by 
their finish times. 



Exercises 
16.1-1 

Give a dynamic -programming algorithm for the activity-selection problem, based 
on recurrence (16.2). Have your algorithm compute the sizes c[i,j] as defined 
above and also produce the maximum-size subset of mutually compatible activities. 
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Assume that the inputs have been sorted as in equation (16.1). Compare the running 
time of your solution to the running time of Greedy-Activity-Selector. 

Suoppse that instead of always selecting the first activity to finish, we instead select 
thetagt^activity to start that is compatible with all previously selected activities. De- 
scribemew this approach is a greedy algorithm, and prove that it yields an optimal 
solution*^ 

16.1-3 ^> 

Not just any >^edy approach to the activity-selection problem produces a max- 
imum-size set sf^Xnutually compatible activities. Give an example to show that 
the approach of setting the activity of least duration from among those that are 
compatible with pre^&usly selected activities does not work. Do the same for 
the approaches of always 'selecting the compatible activity that overlaps the fewest 
other remaining activitie&^Jnd always selecting the compatible remaining activity 
with the earliest start time.^^ 

16.1-4 <^ 

Suppose that we have a set of activities to schedule among a large number of lecture 
halls, where any activity can take»pkj£e in any lecture hall. We wish to schedule 
all the activities using as few lectu©halls as possible. Give an efficient greedy 
algorithm to determine which activity^^fiould use which lecture hall. 

(This problem is also known as the i@rval-graph coloring problem. We can 
create an interval graph whose vertices alQthe given activities and whose edges 
connect incompatible activities. The smalle^humber of colors required to color 
every vertex so that no two adjacent verticesJtfrae the same color corresponds to 
finding the fewest lecture halls needed to schedufe~&ll of the given activities.) 

A 

16.1-5 ^ 

Consider a modification to the activity-selection probftmin which each activity a, 
has, in addition to a start and finish time, a value v, . wife objective is no longer 
to maximize the number of activities scheduled, but insteatPto maximize the total 
value of the activities scheduled. That is, we wish to choose<^et A of compatible 
activities such that eA is maximized. Give a polynomial-time algorithm for 
this problem. 
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16.2 Elements of the greedy strategy 

\A greedy algorithm obtains an optimal solution to a problem by making a sequence 
dCPyfchpices. At each decision point, the algorithm makes choice that seems best at 
theffflloment. This heuristic strategy does not always produce an optimal solution, 
but a(£^e saw in the activity-selection problem, sometimes it does. This section 
discuss^pome of the general properties of greedy methods. 

The process that we followed in Section 16.1 to develop a greedy algorithm was 
a bit more l^iyMved than is typical. We went through the following steps: 

1 . Determine'^he optimal substructure of the problem. 

2. Develop a recS^ve solution. (For the activity-selection problem, we formu- 
lated recurrence^ 16. 2), but we bypassed developing a recursive algorithm based 
on this recurrence?)^ 

3. Show that if we make^the greedy choice, then only one subproblem remains. 

4. Prove that it is always s*(fe^to make the greedy choice. (Steps 3 and 4 can occur 
in either order.) 

5. Develop a recursive algorithm that implements the greedy strategy. 

6. Convert the recursive algorithnVro,^n iterative algorithm. 

In going through these steps, we saw i^reat detail the dynamic-programming un- 
derpinnings of a greedy algorithm. For e^jkiple, in the activity-selection problem, 
we first defined the subproblems Sy , whet^both i and j varied. We then found 
that if we always made the greedy choice, \^(5)puld restrict the subproblems to be 
of the form Sk- Q 

Alternatively, we could have fashioned our optimal substructure with a greedy 
choice in mind, so that the choice leaves just one^ subproblem to solve. In the 
activity-selection problem, we could have started by dpeping the second subscript 
and defining subproblems of the form Sk- Then, we coutd-have proven that a greedy 
choice (the first activity a m to finish in Sk), combined wl^an optimal solution to 
the remaining set S m of compatible activities, yields an optimal solution to Sk- 
More generally, we design greedy algorithms according to the following sequence 
of steps: 

1. Cast the optimization problem as one in which we make a choice and are left 
with one subproblem to solve. 

2. Prove that there is always an optimal solution to the original problem that makes 
the greedy choice, so that the greedy choice is always safe. 
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3. Demonstrate optimal substructure by showing that, having made the greedy 
choice, what remains is a subproblem with the property that if we combine an 
optimal solution to the subproblem with the greedy choice we have made, we 
arrive at an optimal solution to the original problem. 

WQ»ha 11 use this more direct process in later sections of this chapter. Neverthe- 
less, y ^neath every greedy algorithm, there is almost always a more cumbersome 
dynamj^programming solution. 

How c^)we tell whether a greedy algorithm will solve a particular optimization 
problem? M))way works all the time, but the greedy-choice property and optimal 
substructure the two key ingredients. If we can demonstrate that the problem 
has these propei^fes, then we are well on the way to developing a greedy algorithm 
for it. \ ft 

o 

Greedy-choice proper^' 

The first key ingredient i Cthe greedy-choice property : we can assemble a globally 
optimal solution by making^cally optimal (greedy) choices. In other words, when 
we are considering which choice to make, we make the choice that looks best in 
the current problem, without considering results from subproblems. 

Here is where greedy algorithm* differ from dynamic programming. In dynamic 
programming, we make a choice at S@h step, but the choice usually depends on the 
solutions to subproblems. ConsequentJ^fwe typically solve dynamic-programming 
problems in a bottom-up manner, progr^s|)ing from smaller subproblems to larger 
subproblems. (Alternatively, we can sol\^)them top down, but memoizing. Of 
course, even though the code works top aowO\, we still must solve the subprob- 
lems before making a choice.) In a greedy ajgfjrifhm, we make whatever choice 
seems best at the moment and then solve the sub^r^blem that remains. The choice 
made by a greedy algorithm may depend on choices^ far, but it cannot depend on 
any future choices or on the solutions to subproblems. Thus, unlike dynamic pro- 
gramming, which solves the subproblems before making-the first choice, a greedy 
algorithm makes its first choice before solving any subproblems. A dynamic- 
programming algorithm proceeds bottom up, whereas a Weedy strategy usually 
progresses in a top-down fashion, making one greedy choice^after another, reduc- 
ing each given problem instance to a smaller one. 

Of course, we must prove that a greedy choice at each step yields a globally 
optimal solution. Typically, as in the case of Theorem 16.1, the proof examines 
a globally optimal solution to some subproblem. It then shows how to modify 
the solution to substitute the greedy choice for some other choice, resulting in one 
similar, but smaller, subproblem. 

We can usually make the greedy choice more efficiently than when we have to 
consider a wider set of choices. For example, in the activity-selection problem, as- 
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suming that we had already sorted the activities in monotonically increasing order 
of finish times, we needed to examine each activity just once. By preprocessing the 
input or by using an appropriate data structure (often a priority queue), we often 
v'-Qan make greedy choices quickly, thus yielding an efficient algorithm. 

%L 

Omphal substructure 

A problem exhibits optimal substructure if an optimal solution to the problem 
contains^within it optimal solutions to subproblems. This property is a key in- 
gredient orassessing the applicability of dynamic programming as well as greedy 
algorithms. »san example of optimal substructure, recall how we demonstrated in 
Section 16.1 toat if an optimal solution to subproblem 5,y includes an activity a.k, 
then it must also^intain optimal solutions to the subproblems Sjk and S^j. Given 
this optimal substructure, we argued that if we knew which activity to use as a^, we 
could construct an o^mal solution to Sy by selecting along with all activities 
in optimal solutions to<£fie subproblems and Sjy. Based on this observation of 
optimal substructure, we(were able to devise the recurrence (16.2) that described 
the value of an optimal solution. 

We usually use a more di^t approach regarding optimal substructure when 
applying it to greedy algorithrns. As mentioned above, we have the luxury of 
assuming that we arrived at a suj^oblem by having made the greedy choice in 
the original problem. All we really neAl to do is argue that an optimal solution to 
the subproblem, combined with the greedy choice already made, yields an optimal 
solution to the original problem. TluVWieme implicitly uses induction on the 
subproblems to prove that making the^greedy choice at every step produces an 



optimal solution. 
Greedy versus dynamic programming 

Because both the greedy and dynamic-programming«strategies exploit optimal sub- 
structure, you might be tempted to generate a dynami^p>ogramming solution to a 
problem when a greedy solution suffices or, conversely, )<6j) might mistakenly think 
that a greedy solution works when in fact a dynamic-progptaiming solution is re- 
quired. To illustrate the subtleties between the two techniques, let us investigate 
two variants of a classical optimization problem. 

The 0-1 knapsack problem is the following. A thief robbing a store finds n 
items. The zth item is worth i>, dollars and weighs w, pounds, where v, : and w, are 
integers. The thief wants to take as valuable a load as possible, but he can carry at 
most W pounds in his knapsack, for some integer W . Which items should he take? 
(We call this the 0-1 knapsack problem because for each item, the thief must either 
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take it or leave it behind; he cannot take a fractional amount of an item or take an 
item more than once.) 
^\ In the fractional knapsack problem, the setup is the same, but the thief can take 
Captions of items, rather than having to make a binary (0-1) choice for each item. 
KraCjpan think of an item in the 0-1 knapsack problem as being like a gold ingot 
and a*ntem in the fractional knapsack problem as more like gold dust. 

Bom^napsack problems exhibit the optimal-substructure property. For the 0-1 
problem, /censider the most valuable load that weighs at most W pounds. If we 
remove itenW from this load, the remaining load must be the most valuable load 
weighing at^most W — Wj that the thief can take from the n — 1 original items 
excluding j . Tern the comparable fractional problem, consider that if we remove 
a weight w of oae item j from the optimal load, the remaining load must be the 
most valuable loaaoiveighing at most W — w that the thief can take from the n — 1 
original items plus — ip pounds of item j . 

Although the problems jure similar, we can solve the fractional knapsack problem 
by a greedy strategy, buKwe cannot solve the 0-1 problem by such a strategy. To 
solve the fractional problei^Ave first compute the value per pound v, / tc, for each 
item. Obeying a greedy stratejgy, the thief begins by taking as much as possible of 
the item with the greatest value(^r pound. If the supply of that item is exhausted 
and he can still carry more, he takes as much as possible of the item with the next 
greatest value per pound, and so foirtm until he reaches his weight limit W. Thus, 
by sorting the items by value per povnjd^, the greedy algorithm runs in 0(nlgn) 
time. We leave the proof that the frac|ropal knapsack problem has the greedy- 
choice property as Exercise 16.2-1. r\ 

To see that this greedy strategy does fteLwprk for the 0-1 knapsack problem, 
consider the problem instance illustrated in figure 16.2(a). This example has 3 
items and a knapsack that can hold 50 pounas^-Jtem 1 weighs 10 pounds and 
is worth 60 dollars. Item 2 weighs 20 pounds a»a^ worth 100 dollars. Item 3 
weighs 30 pounds and is worth 120 dollars. Thus, the value per pound of item 1 is 
6 dollars per pound, which is greater than the value per nound of either item 2 (5 
dollars per pound) or item 3 (4 dollars per pound). The^greedy strategy, therefore, 
would take item 1 first. As you can see from the case anffikis in Figure 16.2(b), 
however, the optimal solution takes items 2 and 3, leaving ifera 1 behind. The two 
possible solutions that take item 1 are both suboptimal. 

For the comparable fractional problem, however, the greedy strategy, which 
takes item 1 first, does yield an optimal solution, as shown in Figure 16.2(c). Tak- 
ing item 1 doesn't work in the 0-1 problem because the thief is unable to fill his 
knapsack to capacity, and the empty space lowers the effective value per pound of 
his load. In the 0-1 problem, when we consider whether to include an item in the 
knapsack, we must compare the solution to the subproblem that includes the item 
with the solution to the subproblem that excludes the item before we can make the 
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Exercises 



Figure 16.2 An examnle showing that the greedy strategy does not work for the 0-1 knapsack 
problem, (a) The thiefimust select a subset of the three items shown whose weight must not exceed 
50 pounds, (b) The optimal subset includes items 2 and 3. Any solution with item 1 is suboptimal, 
even though item 1 has the jpetjtest value per pound, (c) For the fractional knapsack problem, taking 
the items in order of greatesWaJae per pound yields an optimal solution. 

choice. The problem formulated in this way gives rise to many overlapping sub- 
problems— a hallmark of dyiramic programming, and indeed, as Exercise 16.2-2 
asks you to show, we can use dy^iajrfic programming to solve the 0-1 problem. 

16.2-1 & 

Prove that the fractional knapsack problerrSjJas the greedy-choice property. 
16.2-2 Q 

Give a dynamic-programming solution to the 0 r Vtyiapsack problem that runs in 
0(n W) time, where n is the number of items and W is the maximum weight of 
items that the thief can put in his knapsack. ^->^ 

16.2-3 O. 

Suppose that in a 0-1 knapsack problem, the order of fhepiems when sorted by 
increasing weight is the same as their order when sorted by decreasing value. Give 
an efficient algorithm to find an optimal solution to this variant of the knapsack 
problem, and argue that your algorithm is correct. 

16.2-4 

Professor Gekko has always dreamed of inline skating across North Dakota. He 
plans to cross the state on highway U.S. 2, which runs from Grand Forks, on the 
eastern border with Minnesota, to Williston, near the western border with Montana. 
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The professor can carry two liters of water, and he can skate m miles before running 
. out of water. (Because North Dakota is relatively flat, the professor does not have 
•^bo worry about drinking water at a greater rate on uphill sections than on flat or 
■dmvnhill sections.) The professor will stall in Grand Forks with two full liters of 
wat^J. His official North Dakota state map shows all the places along U.S. 2 at 
whiGh^e can refill his water and the distances between these locations. 

The /professor's goal is to minimize the number of water stops along his route 
across theottate. Give an efficient method by which he can determine which water 
stops he snoBid make. Prove that your strategy yields an optimal solution, and give 
its running time,* 

16.2-5 *p 

Describe an efficifcf^ algorithm that, given a set {x\, Xi, . . . , x n } of points on the 
real line, determines^tne smallest set of unit-length closed intervals that contains 
all of the given points.y^rgue that your algorithm is correct. 

16.2-6 ★ ' s> 

Show how to solve the fracnx^l knapsack problem in 0{n) time. 
16.2-7 0 

Suppose you are given two sets A»and>B, each containing n positive integers. You 
can choose to reorder each set howe© - yxm like. After reordering, let a, be the z'th 
element of set A, and let b t be the /th^fement of set B. You then receive a payoff 
of nr=i a i b ' ■ Give an algorithm that wjfJT)naximize your payoff. Prove that your 
algorithm maximizes the payoff, and state^ti^running time. 

% 
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Huffman codes compress data very effectively: saving's pf>20% to 90% are typical, 
depending on the characteristics of the data being compressed. We consider the 
data to be a sequence of characters. Huffman's greedy algorinsm uses a table giving 
how often each character occurs (i.e., its frequency) to buildup an optimal way of 
representing each character as a binary string. 

Suppose we have a 100,000-character data file that we wish to store compactly. 
We observe that the characters in the file occur with the frequencies given by Fig- 
ure 16.3. That is, only 6 different characters appear, and the character a occurs 
45,000 times. 

We have many options for how to represent such a file of information. Here, 
we consider the problem of designing a binary character code (or code for short) 
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Hxed-length codeword 
y^Variable-length codeword 

Figdra 16.3 A character-coding problem. A data file of 100,000 characters contains only the char- 
acters with the frequencies indicated. If we assign each character a 3-bit codeword, we can 
encodeHn^file in 300,000 bits. Using the variable-length code shown, we can encode the file in only 
224,000 fix, 

O , 

in which ea^Sfwjharacter is represented by a unique binary string, which we call a 
codeword. If w<e use a fixed-length code, we need 3 bits to represent 6 characters: 
a = 000, b = OSl^. . , f = 101. This method requires 300,000 bits to code the 
entire file. Can we<ao better? 

A variable -length\£bde can do considerably better than a fixed-length code, by 
giving frequent charac(£rs short codewords and infrequent characters long code- 
words. Figure 16.3 show^ach a code; here the 1-bit string 0 represents a, and the 
4-bit string 1 100 represents^ This code requires 

(45-1 + 13-3 + 12-3 +^6 ■ 3 + 9-4 + 5 • 4) ■ 1,000 = 224,000 bits 

to represent the file, a savings of(aj)proximately 25%. In fact, this is an optimal 
character code for this file, as we shal rsee. 

o 

Prefix codes V £X 

We consider here only codes in which no c^d&word is also a prefix of some other 
codeword. Such codes are called prefix corflsr^AJthough we won't prove it here, a 
prefix code can always achieve the optimal data^dWpression among any character 
code, and so we suffer no loss of generality by restricting our attention to prefix 
codes. • 

Encoding is always simple for any binary character code; we just concatenate the 
codewords representing each character of the file. For example, with the variable- 
length prefix code of Figure 16.3, we code the 3-character ™€>abc as 0- 101-100 = 
0101100, where "■" denotes concatenation. 

Prefix codes are desirable because they simplify decoding. Since no codeword 
is a prefix of any other, the codeword that begins an encoded file is unambiguous. 
We can simply identify the initial codeword, translate it back to the original char- 



perhaps "prefix-free codes" would be a better name, but the term "prefix codes" is standard in the 
literature. 
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Figure 16.4 Trees corresponding to the coding schemes in Figure 16.3. Each leaf is labeled with 
a character and its frequencyAif occurrence. Each internal node is labeled with the sum of the fre- 
quencies of the leaves in its subtle, (a) The tree corresponding to the fixed-length code a = 000, . . . , 
f = 101. (b) The tree corresponding to the optimal prefix code a = 0, b = 101, . . . , f = 1 100. 

acter, and repeat the decoding^rwecess on the remainder of the encoded file. In our 
example, the string 00 1011101 parses uniquely as 0-0 - 101 ■ 1101, which decodes 
to aabe. 

The decoding process needs a coWement representation for the prefix code so 
that we can easily pick off the initiaf^odeword. A binary tree whose leaves are 
the given characters provides one sucfivfegresentation. We interpret the binary 
codeword for a character as the simple path^frbm the root to that character, where 0 
means "go to the left child" and 1 means "gd^the right child." Figure 16.4 shows 
the trees for the two codes of our example. N@ that these are not binary search 
trees, since the leaves need not appear in sorted(o)der and internal nodes do not 
contain character keys. 

An optimal code for a file is always represented b^ a full binary tree, in which 
every nonleaf node has two children (see Exercise 16.3^, The fixed-length code 
in our example is not optimal since its tree, shown in Figur£~1)6.4(a), is not a full bi- 
nary tree: it contains codewords beginning 10. . . , but none Banning 11 Since 

we can now restrict our attention to full binary trees, we can say that if C is the 
alphabet from which the characters are drawn and all character frequencies are pos- 
itive, then the tree for an optimal prefix code has exactly | C | leaves, one for each 
letter of the alphabet, and exactly \C \ — 1 internal nodes (see Exercise B.5-3). 

Given a tree T corresponding to a prefix code, we can easily compute the number 
of bits required to encode a file. For each character c in the alphabet C , let the 
attribute c.freq denote the frequency of c in the file and let dr(c) denote the depth 
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of c's leaf in the tree. Note that dj{c) is also the length of the codeword for 
character c. The number of bits required to encode a file is thus 

\4(T) = ^c.fivq ■ d T( c ) , (16.4) 

v csC 




we define as the cost of the tree T. 
Constructing a Huffman code 

o 

Huffman invented a greedy algorithm that constructs an optimal prefix code called 
a Huffman softe. In line with our observations in Section 16.2, its proof of cor- 
rectness relies yori the greedy-choice property and optimal substructure. Rather 
than demonstratmg that these properties hold and then developing pseudocode, we 
present the pseudocode ,first. Doing so will help clarify how the algorithm makes 
greedy choices. \^ 

In the pseudocode tl^ar follows, we assume that C is a set of n characters and 
that each character c e an object with an attribute c.freq giving its frequency. 
The algorithm builds the tv^T corresponding to the optimal code in a bottom-up 
manner. It begins with a set(^J | C | leaves and performs a sequence of | C \ — 1 
"merging" operations to create J:he final tree. The algorithm uses a min-priority 
queue Q , keyed on the freq attribrfra, to identify the two least-frequent objects to 
merge together. When we merge tw^ objects, the result is a new object whose 
frequency is the sum of the frequencie^f the two objects that were merged. 

Huffman (C) 

1 n = \C\ ^ 

2 Q = C W n 

3 for i = 1 to n - 1 

4 allocate a new node z 

5 z.left = x = EXTRACT-MlN(g) 

6 z. right = y = EXTRACT-MlN(g) 

7 Z-freq = x.freq + y-freq 

8 lNSERT(g,z) 



9 return ExTRACT-MiN(g) // return the root of the tree 

For our example, Huffman's algorithm proceeds as shown in Figure 16.5. Since 
the alphabet contains 6 letters, the initial queue size is n = 6, and 5 merge steps 
build the tree. The final tree represents the optimal prefix code. The codeword for 
a letter is the sequence of edge labels on the simple path from the root to the letter. 

Line 2 initializes the min-priority queue Q with the characters in C . The for 
loop in lines 3-8 repeatedly extracts the two nodes x and y of lowest frequency 
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Figure 16.5 The steps of Huffman's algorithm f6£Tfie>frequencies given in Figure 16.3. Each part 
shows the contents of the queue sorted into increasingJorder by frequency. At each step, the two 
trees with lowest frequencies are merged. Leaves arexs^o/'n as rectangles containing a character 
and its frequency. Internal nodes are shown as circles conta^m^ig the sum of the frequencies of their 
children. An edge connecting an internal node with its children^ labeled 0 if it is an edge to a left 
child and 1 if it is an edge to a right child. The codeword for a tetter is the sequence of labels on the 
edges connecting the root to the leaf for that letter, (a) The initial set of n = 6 nodes, one for each 
letter, (b)-(e) Intermediate stages, (f) The final tree. 

o 



from the queue, replacing them in the queue with a new nod^£ representing their 
merger. The frequency of z is computed as the sum of the frequencies of x and y 
in line 7. The node z has x as its left child and y as its right child. (This order is 
arbitrary; switching the left and right child of any node yields a different code of 
the same cost.) After n — I mergers, line 9 returns the one node left in the queue, 
which is the root of the code tree. 

Although the algorithm would produce the same result if we were to excise the 
variables x and y— assigning directly to z.left and z .right in lines 5 and 6, and 
changing line 7 to z.freq = z.left.freq + z .right. freq—we shall use the node 
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names x and y in the proof of correctness. Therefore, we find it convenient to 
leave them in. 

^\ To analyze the running time of Huffman's algorithm, we assume that Q is im- 
V'nlemented as a binary min-heap (see Chapter 6). For a set C of n characters, we 
craft initialize Q in line 2 in 0(n) time using the Build-Min-Heap procedure dis- 
cussal in Section 6.3. The for loop in lines 3-8 executes exactly n — 1 times, and 
since/each heap operation requires time 0(lgn), the loop contributes 0(n Ign) to 
the ruhomg time. Thus, the total running time of Huffman on a set of n charac- 
ters is 0-\mg n). We can reduce the running time to 0(n lg lg n) by replacing the 
binary min<haap with a van Emde Boas tree (see Chapter 20). 

Correctness ofTfaffman's algorithm 

To prove that the g^edy algorithm Huffman is correct, we show that the prob- 
lem of determining a^jptimal prefix code exhibits the greedy-choice and optimal- 
substructure properties^uhe next lemma shows that the greedy-choice property 
holds. C> 

Lemma 16.2 £\ 

Let C be an alphabet in which each character c e C has frequency c.freq. Let 
x and y be two characters in C hawng the lowest frequencies. Then there exists 
an optimal prefix code for C in wmcb>the codewords for x and y have the same 
length and differ only in the last bit.^ q 



Proof The idea of the proof is to take tae^rVee T representing an arbitrary optimal 
prefix code and modify it to make a tree representing another optimal prefix code 
such that the characters x and y appear as sroliHg leaves of maximum depth in the 
new tree. If we can construct such a tree, then tkejsodewords for x and y will have 
the same length and differ only in the last bit. 

Let a and b be two characters that are sibling leaves of maximum depth in T. 
Without loss of generality, we assume that a.freq < ({hfreq and x.freq < y.freq. 
Since x.freq and y.freq are the two lowest leaf frequei(cJ)es, in order, and a.freq 
and b.freq are two arbitrary frequencies, in order, we haff&yc freq < a.freq and 
y.freq < b.freq. 

In the remainder of the proof, it is possible that we could have x freq = a .freq 
or y.freq = b.freq. However, if we had x.freq = b.freq, then we would also have 
a.freq = b.freq = x.freq = y.freq (see Exercise 16.3-1), and the lemma would 
be trivially true. Thus, we will assume that x.freq ^ b.freq, which means that 
x^b. 

As Figure 16.6 shows, we exchange the positions in T of a and x to produce a 
tree T , and then we exchange the positions in T of b and y to produce a tree T" 
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Figure An illustration of the key step in the proof of Lemma 16.2. In the optimal tree T, 

leaves a an(£^) are two siblings of maximum depth. Leaves x and y are the two characters with the 
lowest freque^jt^Ks; they appear in arbitrary positions in T . Assuming that x ^ b, swapping leaves a 
and x produces ? tre£*'r', and then swapping leaves b and y produces tree T" . Since each swap does 
not increase the cwsUthe resulting tree T" is also an optimal tree. 

V 

in which x and ibling leaves of maximum depth. (Note that if x = b but 

y ^ a, then tree T'Moes- not have x and y as sibling leaves of maximum depth. 
Because we assume trlStt b, this situation cannot occur.) By equation (16.4), 
the difference in cost between T and T' is 

B(T)-B(T') 

ceC c<*C v 

= x .freq ■ dr(x) + a .freq\dfr (a) — x .freq ■ dr> (x) — a .freq ■ d T i (a) 
= x .freq ■ d T (x) + a .freq ■ d${a) — x .freq ■ dj{a) — a .freq ■ dj{x) 
= (a .freq — x .freq) (dr{a) — adx)) 



> 




because both a.freq — x.freq and d T (a) — d^i^ are nonnegative. More specifi- 
cally, a .freq — x .freq is nonnegative because x i(li) minimum-frequency leaf, and 
dr (a)—dr (x) is nonnegative because a is a leaf of maximum depth in T. Similarly, 
exchanging y and b does not increase the cost, and so t B(T') — B(T") is nonnega- 
tive. Therefore, B{T") < B(T), and since T is optimal^e have B(T) < B(T"), 
which implies B(T") = B(T). Thus, T" is an optima^ee in which x and y 
appeal - as sibling leaves of maximum depth, from which the^mma follows. ■ 

Lemma 16.2 implies that the process of building up an optimal tree by mergers 
can, without loss of generality, begin with the greedy choice of merging together 
those two characters of lowest frequency. Why is this a greedy choice? We can 
view the cost of a single merger as being the sum of the frequencies of the two items 
being merged. Exercise 16.3-4 shows that the total cost of the tree constructed 
equals the sum of the costs of its mergers. Of all possible mergers at each step, 
Huffman chooses the one that incurs the least cost. 
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The next lemma shows that the problem of constructing optimal prefix codes has 
the optimal-substructure property. 

•STsemma 16.3 

y Le^ C be a given alphabet with frequency c.freq defined for each character c e C. 

and y be two characters in C with minimum frequency. Let C be the 
alphabet C with the characters x and y removed and a new character z added, 
so thatxC' = C — {x,y} U {z}. Define / for C as for C, except that 
Z freq ^> Xtfreq + y .freq. Let T' be any tree representing an optimal prefix code 
for the alpfeahet C. Then the tree T, obtained from T' by replacing the leaf node 
for z with anCinternal node having x and y as children, represents an optimal prefix 
code for the alphabet C . 

Proof We first stjpw how to express the cost B(T) of tree T in terms of the 
cost B(T') of tree ^% by considering the component costs in equation (16.4). 
For each character c ^XJ — {x, y}, we have that dj(c) = dj'(c), and hence 
c.freq ■ d T (c) = c.freq ■ <^>(c). Since d T (x) = driy) = dr>(z) + 1, we have 

x.jreq- d T (x) + y .freq ■ d$y) = (x .freq + y .freq) (d T '(z) + 1 ) 



Z.freq ■ d T >(z) + (x.freq + y .freq) , 

from which we conclude that v ^ 

B(T) = B{V) + x.freq + y .freq ^> 

or, equivalently, Q 

B{T) = B(T) - x.freq - y .freq . v£> 

We now prove the lemma by contradicnmL Suppose that T does not repre- 
sent an optimal prefix code for C . Then there-exists an optimal tree T" such that 
B(T") < B(T). Without loss of generality (b)Mie«vma 16.2), T" has x and y as 
siblings. Let T'" be the tree T" with the commorkparent of x and y replaced by a 
leaf z with frequency zfreq = x.freq + y.freq. Thftn 

B(T"') = B(T")- x.freq -y.freq 

< B{T)- x.freq- y.freq A 

= B(T') , 

yielding a contradiction to the assumption that T' represents an optimal prefix code 
for C. Thus, T must represent an optimal prefix code for the alphabet C . ■ 

Theorem 16.4 

Procedure Huffman produces an optimal prefix code. 



Proof Immediate from Lemmas 16.2 and 16.3. 
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Exercises 
6.3-1 

lain why, in the proof of Lemma 16.2, if x.freq — b.jreq, then we must have 
= b.freq — x.freq = y.jreq. 

16.3^> 

Prove t^i a binary tree that is not full cannot correspond to an optimal prefix code. 
16.3-3 \A 

What is an 5ptimal Huffman code for the following set of frequencies, based on 
the first 8 Fiboi\a£ci numbers? 

a:l b:l c:2 d:3t&5^f:8 g:13 h:21 

Can you generalize yqm>answer to find the optimal code when the frequencies are 
the first n Fibonacci nurnj^s? 

16.3-4 

Prove that we can also expre&s the total cost of a tree for a code as the sum, over 
all internal nodes, of the combi^l frequencies of the two children of the node. 

16.3-5 

Prove that if we order the characters/rn an alphabet so that their frequencies 
are monotonically decreasing, then therQxists an optimal code whose codeword 
lengths are monotonically increasing. 

16.3-6 

Suppose we have an optimal prefix code on awt-fc = {0, 1, — 1} of charac- 
ters and we wish to transmit this code using as its as possible. Show how to 
represent any optimal prefix code on C using only(2« — 1 + n \\g ri\ bits. {Hint: 
Use In — 1 bits to specify the structure of the tree, as»discovered by a walk of the 
tree.) 0. 

16.3-7 

Generalize Huffman's algorithm to ternary codewords (i.e., €odewords using the 
symbols 0, 1, and 2), and prove that it yields optimal ternary codes. 

16.3-8 

Suppose that a data file contains a sequence of 8-bit characters such that all 256 
characters are about equally common: the maximum character frequency is less 
than twice the minimum character frequency. Prove that Huffman coding in this 
case is no more efficient than using an ordinary 8-bit fixed-length code. 
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^ 16.3-9 

, Show that no compression scheme can expect to compress a file of randomly cho- 
^\ sen 8-bit characters by even a single bit. {Hint: Compare the number of possible 



vT)les with the number of possible encoded files.) 




★ 16.4 Matroids^Hid greedy methods 

<> 

In this secfk)r>,'we sketch a beautiful theory about greedy algorithms. This theory 
describes man^ituations in which the greedy method yields optimal solutions. It 
involves combKvatorial structures known as "matroids." Although this theory does 
not cover all cases^r which a greedy method applies (for example, it does not 
cover the activity-selection problem of Section 16.1 or the Huffman-coding prob- 
lem of Section 16.3);Mt>k>es cover many cases of practical interest. Furthermore, 
this theory has been extended to cover many applications; see the notes at the end 
of this chapter for refererfe^ 

Matroids 

A matroid is an ordered pair M =^t)S\ I) satisfying the following conditions. 

1 . S is a finite set. 

2. J is a nonempty family of subsets of-S, called the independent subsets of 5, 
such that if B € I and A c B, theh^C ^ I- We say that I is hereditary if it 
satisfies this property. Note that the empnL&et 0 is necessarily a member of I. 

3. If A e I, B e I, and \A\ < \B\, then fhei(gprists some element x 6 B — A 
such that A U {x} e I. We say that M satisfie^the exchange property. 

The word "matroid" is due to Hassler Whitney. »He was studying matric ma- 
troids, in which the elements of S are the rows of a giv@matrix and a set of rows is 
independent if they are linearly independent in the usual (§shse. As Exercise 16.4-2 
asks you to show, this structure defines a matroid. vO 

As another example of matroids, consider the graphic matroid M G = (So, Ig) 
defined in terms of a given undirected graph G = (V, E) as follows: 

• The set So is defined to be E, the set of edges of G. 

• If A is a subset of E, then A e I G if and only if A is acyclic. That is, a set of 
edges A is independent if and only if the subgraph Ga = (V, A) forms a forest. 



The graphic matroid M G is closely related to the minimum-spanning-tree problem, 
which Chapter 23 covers in detail. 
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Theorem 16.5 

If G = (V, E) is an undirected graph, then M G — (Sg, Ig) is a matroid. 

Proof Clearly, S G = E is a finite set. Furthermore, I G is hereditary, since a 
siSWstet of a forest is a forest. Putting it another way, removing edges from an 
acyc^itfxset of edges cannot create cycles. 

ThSsVil remains to show that M G satisfies the exchange property. Suppose that 
G A = and G B = (V, B) are forests of G and that \B\ > \A\. That is, A 

and B are^K^clic sets of edges, and B contains more edges than A does. 

We claimvthaka forest F = (Vp , E F ) contains exactly \V F \ — \E F \ trees. To 
see why, supp^sefcthat F consists of t trees, where the zth tree contains v, vertices 
and e t edges. Tn^n. we have 

= ^(v, - 1) (l^heoremB.2) 



=i \ 



= E 



t 

= i 
V F \ 



0 

\ 

which implies that t = \ V F \ — \E F \. Thus^forest Ga contains \ V\ — \A\ trees, and 
forest Gb contains \ V\ — \B \ trees. v>^ 

Since forest Gb has fewer trees than for^G, does, forest Gb must contain 
some tree T whose vertices are in two diffsfsaJt trees in forest Ga- Moreover, 
since T is connected, it must contain an edge ©v) such that vertices u and v 
are in different trees in forest Ga- Since the edge v) connects vertices in two 
different trees in forest Ga, we can add the edge (u, v)jo forest Ga without creating 
a cycle. Therefore, M G satisfies the exchange propertyj(c5pmpleting the proof that 
M G is a matroid. C\ ■ 

Given a matroid M = (S, I), we call an element x A ari extension of A e I 
if we can add x to A while preserving independence; that is, x is an extension 
of A if A U {x} € I. As an example, consider a graphic matroid M G . If A is an 
independent set of edges, then edge e is an extension of A if and only if e is not 
in A and the addition of e to A does not create a cycle. 

If A is an independent subset in a matroid M , we say that A is maximal if it has 
no extensions. That is, A is maximal if it is not contained in any larger independent 
subset of M . The following property is often useful. 
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Theorem 16.6 

All maximal independent subsets in a matroid have the same size. 

■SRroof Suppose to the contrary that A is a maximal independent subset of M 
rf there exists another larger maximal independent subset B of M . Then, the 



lge property implies that for some x e B — A, we can extend A to a larger 
ident set A U {x}, contradicting the assumption that A is maximal. ■ 

As a .ustration of this theorem, consider a graphic matroid M G for a con- 
nected, undirected graph G. Every maximal independent subset of M G must be a 
free tree wiHfexactly \ V\ — 1 edges that connects all the vertices of G. Such a tree 
is called a spending tree of G. 

We say that atrjiktroid M = (S, I) is weighted if it is associated with a weight 
function u; that assigns a strictly positive weight w(x) to each element x e 5. The 
weight function u; exie^nds to subsets of S by summation: 

wG4) = ^2 w ( x ) 



xeA 



for any A c 5. For exam we let u;(e) denote the weight of an edge e in a 
graphic matroid Mg, then 111(^47 is the total weight of the edges in edge set A. 

Greedy algorithms on a weightea-matroid 

Many problems for which a greedy app@ach provides optimal solutions can be for- 
mulated in terms of finding a maximum^gight independent subset in a weighted 
matroid. That is, we are given a weighted^ Jhatroid M = (S, I), and we wish to 
find an independent set A 6 J such that wT^Ks maximized. We call such a sub- 
set that is independent and has maximum possipte weight an optimal subset of the 
matroid. Because the weight w(x) of any elemerrf^x e S is positive, an optimal 
subset is always a maximal independent subset— iralways helps to make A as large 
as possible. * ^ 

For example, in the minimum-spanning-tree problem^we are given a connected 
undirected graph G = (V, E) and a length function w saepJhat w(e) is the (posi- 
tive) length of edge e. (We use the term "length" here to re^r to the original edge 
weights for the graph, reserving the term "weight" to refer to the weights in the 
associated matroid.) We wish to find a subset of the edges that connects all of 
the vertices together and has minimum total length. To view this as a problem of 
finding an optimal subset of a matroid, consider the weighted matroid M G with 
weight function w' , where w'(e) = w 0 — w(e) and w 0 is larger than the maximum 
length of any edge. In this weighted matroid, all weights are positive and an opti- 
mal subset is a spanning tree of minimum total length in the original graph. More 
specifically, each maximal independent subset A corresponds to a spanning tree 
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with \ V\ — 1 edges, and since 
rw'{A) = Tw'{e) 

(\V\-\)w 0 -Y,w{e) 

±SpV\-l)w 0 -w(A) 

for any maxin^h independent subset A, an independent subset that maximizes the 
quantity w'(A)tmist minimize w(A). Thus, any algorithm that can find an optimal 
subset A in an arbtiffcry matroid can solve the minimum-spanning-tree problem. 

Chapter 23 gives ^f§orifhms for the minimum-spanning-tree problem, but here 
we give a greedy algor^fhm that works for any weighted matroid. The algorithm 
takes as input a weighted^matroid M = (S, I) with an associated positive weight 
function w, and it returns arf optimal subset A. In our pseudocode, we denote the 
components of M by M.S andKM. I and the weight function by w. The algorithm 
is greedy because it considers 1 upturn each element x € S, in order of monotoni- 
cally decreasing weight, and immediately adds it to the set A being accumulated if 
A U {x} is independent. #v (^ 

Greedy(M, w) \^ 

1 A = 0 O 

2 sort M. S into monotonically decreasin^Jrder by weight w 

3 for each x € M.S, taken in monotonicall^^ecreasing order by weight w (x) 

4 if ,4 U{x}e M.I >Kj 

5 A = A U {x} O 

6 return A 

Line 4 checks whether adding each element x to A would maintain A as an inde- 
pendent set. If A would remain independent, then line 5 adds x to A. Otherwise, x 
is discarded. Since the empty set is independent, and since^eadi iteration of the for 
loop maintains A's independence, the subset A is always independent, by induc- 
tion. Therefore, Greedy always returns an independent subset A. We shall see in 
a moment that A is a subset of maximum possible weight, so that A is an optimal 
subset. 

The running time of Greedy is easy to analyze. Let n denote The sorting 
phase of Greedy takes time 0(n lg n). Line 4 executes exactly n times, once for 
each element of S. Each execution of line 4 requires a check on whether or not 
the set A U {x} is independent. If each such check takes time 0(f («)), the entire 
algorithm runs in time 0{n\gn + nf(n)). 
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We now prove that Greedy returns an optimal subset. 

Lemma 16.7 (Matroids exhibit the greedy-choice property) 
v^Suppose that M = (S, I) is a weighted matroid with weight function if and that S 
*i*KSprted into monotonically decreasing order by weight. Let x be the first element 
or^such that {x} is independent, if any such x exists. If x exists, then there exists 
an dramial subset A of S that contains x. 

Proof such x exists, then the only independent subset is the empty set and 

the lemmafis . vacuously true. Otherwise, let B be any nonempty optimal subset. 
Assume thaVx B; otherwise, letting A = B gives an optimal subset of S that 
contains x. y 

No element jas weight greater than w(x). To see why, observe that y e B 
implies that {y} is(yuiependent, since Bel and I is hereditary. Our choice of x 
therefore ensures tha^i;(jc) > w(y) for any y e B. 

Construct the set A a^rollows. Begin with A = {x}. By the choice of x, set A is 
independent. Using the e^Jsange property, repeatedly find a new element of B that 
we can add to A until \A\ while preserving the independence of A. At that 

point, A and B are the same q(^}ept that A has x and B has some other element y. 
That is, A = B — {y} U {x} forborne y € B, and so 



> w(B) . 



Because set B is optimal, set A, which c^Jtains x, must also be optimal. ■ 

We next show that if an element is not a^^tion initially, then it cannot be an 
option later. 

A 

Lemma 16.8 K 

Let M = (S, I) be any matroid. If x is an element of S that is an extension of 
some independent subset A of S, then x is also an extension of 0. 

Proof Since x is an extension of A, we have that A U {xfi^independent. Since I 
is hereditary, {x} must be independent. Thus, x is an extension of 0. ■ 

Corollary 16.9 

Let M = (S, I) be any matroid. If x is an element of S such that x is not an 
extension of 0, then x is not an extension of any independent subset A of S. 



Proof This corollary is simply the contrapositive of Lemma 16.8. 
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Corollary 16.9 says that any element that cannot be used immediately can never 
be used. Therefore, Greedy cannot make an error by passing over any initial 
•^lements in S that are not an extension of 0, since they can never be used. 

tfmftna 16.10 (Matroids exhibit the optimal-substructure property) 
Let\^t>e the first element of S chosen by Greedy for the weighted matroid 
M — I)- The remaining problem of finding a maximum-weight indepen- 
dent subsa*NContaining x reduces to finding a maximum-weight independent subset 
of the wergnjied matroid M' = (S', I'), where 

S' = {ye^':{x,y}zl} , 

I' = {B {x} : B U {x} € 1} , 

and the weight functidfr for M is the weight function for M, restricted to S'. (We 
call M' the contraction vf M by the element x.) 

Proof If A is any maximum-weight independent subset of M containing x, then 
A' = A — {x} is an indepeSftfeat subset of M'. Conversely, any independent sub- 
set A' of M' yields an independent subset A = A' U {x} of M. Since we have in 
both cases that w(A) = w(A') veb(x), a maximum-weight solution in M contain- 
ing x yields a maximum- weight solution in M', and vice versa. ■ 

Theorem 16.11 (Correctness of the gtxedy algorithm on matroids) 

If M = (S, I) is a weighted matroid with^eight function w, then Greedy(M, w) 
returns an optimal subset. 

Proof By Corollary 16.9, any elements thaj^REEDY passes over initially be- 
cause they are not extensions of 0 can be forgotten about, since they can never 
be useful. Once Greedy selects the first element^, Lemma 16.7 implies that 
the algorithm does not err by adding x to A, sinceihere exists an optimal subset 
containing x. Finally, Lemma 16.10 implies that the ?emaining problem is one of 
finding an optimal subset in the matroid M' that is the- contraction of M by x. 
After the procedure Greedy sets A to {x}, we can interpret all of its remaining 
steps as acting in the matroid M' = (S' , I'), because B is ^dependent in M' if 
and only if B U {x} is independent in M, for all sets B e J'. Thus, the subsequent 
operation of Greedy will find a maximum-weight independent subset for M', and 
the overall operation of Greedy will find a maximum-weight independent subset 
forM. ■ 
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Exercises 

^show that (5, J^) is a matroid, where S is any finite set and is the set of all 
vs^jtjsets of S of size at most k, where k < \S\. 

16^ ★ 

Give^ah m x n matrix T over some field (such as the reals), show that (S, T) is a 
matroid^here S is the set of columns of T and A e I if and only if the columns 
in A are Nearly independent. 

16.4-3 

Show that if (^-^ is a matroid, then (S, I') is a matroid, where 
I' = {A' : S — ^'(contains some maximal A € 1} . 

That is, the maximal independent sets of (5, J') are just the complements of the 
maximal independent set^tof (S, I). 

16.4-4 ★ 

Let S be a finite set and let Si ,($^ , . . . , Sk be a partition of S into nonempty disjoint 
subsets. Define the structure (S* J)>by the condition that I = {A : \A H Sf \ < 1 
for i = 1,2, ... ,k}. Show that (©Jl is a matroid. That is, the set of all sets A 
that contain at most one member oP€ach subset in the partition determines the 
independent sets of a matroid. Q 

16.4-5 v£> 

Show how to transform the weight function^opa weighted matroid problem, where 
the desired optimal solution is a minimum-weiymt maximal independent subset, to 
make it a standard weighted-matroid problem. Vcrg^e carefully that your transfor- 



mation is correct. 



★ 16.5 A task-scheduling problem as a matroid 

An interesting problem that we can solve using matroids is the problem of op- 
timally scheduling unit-time tasks on a single processor, where each task has a 
deadline, along with a penalty paid if the task misses its deadline. The problem 
looks complicated, but we can solve it in a surprisingly simple manner by casting 
it as a matroid and using a greedy algorithm. 

A unit-time task is a job, such as a program to be run on a computer, that requires 
exactly one unit of time to complete. Given a finite set S of unit-time tasks, a 
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schedule for S is a permutation of S specifying the order in which to perform 
these tasks. The first task in the schedule begins at time 0 and finishes at time 1, 
■^ttie second task begins at time 1 and finishes at time 2, and so on. 
v^he problem of scheduling unit-time tasks with deadlines and penalties for a 
sin^jp processor has the following inputs: 

• a s&J> = {ai,a 2 ,..., a n } of n unit-time tasks; 

• a set o£k integer deadlines d\,d 2 d n , such that each dj satisfies 1 < dj < n 

and task^j is supposed to finish by time d, ; and 

• a set of n n&rnegative weights or penalties W\, w 2 , . . . , w„, such that we incur 
a penalty ofy*^ if task a, is not finished by time di, and we incur no penalty if 
a task finishes 1 bjyts deadline. 

We wish to find a s^cliedule for S that minimizes the total penalty incurred for 
missed deadlines. \ v> 

Consider a given schedule. We say that a task is late in this schedule if it finishes 
after its deadline. OtherwisC^he task is early in the schedule. We can always trans- 
form an arbitrary schedule ir(fc£ early -first form, in which the early tasks precede 
the late tasks. To see why, note (fifrt if some early task a, follows some late task Oj , 
then we can switch the positions of a,. and a,-, and a, will still be early and aj will 
still be late. >Q 

Furthermore, we claim that we can^l^ays transform an arbitrary schedule into 
canonical form, in which the early task^syrecede the late tasks and we schedule 
the early tasks in order of monotonically increasing deadlines. To do so, we put 
the schedule into early -first form. Then, as*Jwg as there exist two early tasks a, 
and Uj finishing at respective times k and k Vj^n the schedule such that dj < d t , 
we swap the positions of a,; and aj. Since a, & ead^ before the swap, k + 1 < dj. 
Therefore, k + 1 < dj, and so a,; is still early artertfie swap. Because task aj is 
moved earlier in the schedule, it remains early afterHhe swap. 

The search for an optimal schedule thus reduces tcffinding a set A of tasks that 
we assign to be early in the optimal schedule. Having determined A, we can create 
the actual schedule by listing the elements of A in order o motonically increas- 
ing deadlines, then listing the late tasks (i.e., S — A) in aa<porder, producing a 
canonical ordering of the optimal schedule. 

We say that a set A of tasks is independent if there exists a schedule for these 
tasks such that no tasks are late. Clearly, the set of early tasks for a schedule forms 
an independent set of tasks. Let I denote the set of all independent sets of tasks. 

Consider the problem of determining whether a given set A of tasks is indepen- 
dent. For t = 0, 1,2 n, let A^(,4) denote the number of tasks in A whose 

deadline is t or earlier. Note that A^ 0 (^4) = 0 for any set A. 
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Lemma 16.12 

For any set of tasks A, the following statements are equivalent. 

The set A is independent. 
"^ForZ = 0, 1,2, ...,«, we have Af,L4) < t. 

3. vlpfhe tasks in A are scheduled in order of monotonically increasing deadlines, 
th^no task is late. 

<$> 

Proof Tc^show that (1) implies (2), we prove the contrapositive: if N t (A) > t for 
some t, fheft^nere is no way to make a schedule with no late tasks for set A, because 
more than t td£j^ must finish before time t. Therefore, (1) implies (2). If (2) holds, 
then (3) must fo^^v: there is no way to "get stuck" when scheduling the tasks in 
order of monotonically increasing deadlines, since (2) implies that the zth largest 
deadline is at least z'j^inally, (3) trivially implies (1). ■ 

Using property 2 of f^^ma 16. 12, we can easily compute whether or not a given 
set of tasks is independenV^S^e Exercise 16.5-2). 

The problem of minimizihg^he sum of the penalties of the late tasks is the same 
as the problem of maximizing the sum of the penalties of the early tasks. The 
following theorem thus ensures* that we can use the greedy algorithm to find an 
independent set A of tasks with ths-ma^imum total penalty. 

Theorem 16.13 o 

If S is a set of unit-time tasks with dearies, and J is the set of all independent 
sets of tasks, then the corresponding systerf^S 1 , J) is a matroid. 

Proof Every subset of an independent set of(fSjpks is certainly independent. To 
prove the exchange property, suppose that B ancU-& are independent sets of tasks 
and that \B\ > \A\. Let k be the largest t such that N t (B) < N t (A). (Such a value 
of t exists, since N 0 (A) = N 0 (B) = 0.) Since Af„(&K= \B\ and N n (A) = \A\, 
but \B\ > \A\, we must have that k < n and that ^V/C^O > Nj(A) for all j in 
the range k + 1 < j < n. Therefore, B contains more t^^S with deadline k + 1 
than A does. Let a, be a task in B — A with deadline k + IsLet A' = A U {a, }. 

We now show that A' must be independent by using property 2 of Lemma 16. 12. 
For 0 < t < k, we have N t (A') = N t (A) < t, since A is independent. For 
k < t < n, we have N t (A') < N t (B) < t, since B is independent. Therefore, A' 
is independent, completing our proof that (S, I) is a matroid. ■ 

By Theorem 16.11, we can use a greedy algorithm to find a maximum-weight 
independent set of tasks A. We can then create an optimal schedule having the 
tasks in A as its early tasks. This method is an efficient algorithm for scheduling 
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Figure WSTX An instance of the problem of scheduling unit-time tasks with deadlines and penalties 
for a singre^iycessor. 



unit-time taSlts>with deadlines and penalties for a single processor. The running 
time is 0(n 2 ) Rising Greedy, since each of the 0(n) independence checks made 
by that algorithm! takes time 0(n) (see Exercise 16.5-2). Problem 16-4 gives a 
faster implementation* 

Figure 16.7 demonstrates an example of the problem of scheduling unit-time 
tasks with deadlines ktfd ^penalties for a single processor. In this example, the 
greedy algorithm selects,Qn order, tasks and a 4 , then rejects a 5 (because 

N^ai, 0.2,0,3, 0,4,0.5}) =v^and a 6 (because N A ({ai,a 2 ,a i ,a Al a 6 }) = 5), and 
finally accepts a-,. The final optimal schedule is 

{a 2 ,a4,ai,aj,,a 1 ,a 5 ,ae) , 

which has a total penalty incurred ofTN 5 + w 6 = 50. 

Exercises Q 
16.5-1 &\ 

Solve the instance of the scheduling problerrraa/en in Figure 16.7, but with each 
penalty w, replaced by 80 — if, . (3 

16.5-2 

Show how to use property 2 of Lemma 16.12 to determine in time 0(|j4|) whether 
or not a given set A of tasks is independent. (^i. 

^ 

Problems 



16-1 Coin changing 

Consider the problem of making change for n cents using the fewest number of 
coins. Assume that each coin's value is an integer. 



a. Describe a greedy algorithm to make change consisting of quarters, dimes, 
nickels, and pennies. Prove that your algorithm yields an optimal solution. 
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b. Suppose that the available coins are in the denominations that are powers of c, 
i.e., the denominations are c°, c 1 , . . . , c k for some integers c > 1 and k > 1. 
Show that the greedy algorithm always yields an optimal solution. 

V 

\v\Give a set of coin denominations for which the greedy algorithm does not yield 
optimal solution. Your set should include a penny so that there is a solution 
fti^very value of n . 

d. Giv£Xh, O (nk) -time algorithm that makes change for any set of k different coin 
denominations, assuming that one of the coins is a penny. 

16-2 Scheduling to minimize average completion time 

Suppose you arkjgjven a set S = {ai,a 2 , . . . ,a n ) of tasks, where task a t re- 
quires Pi units of processing time to complete, once it has started. You have one 
computer on which t^riin these tasks, and the computer can run only one task at a 
time. Let c, be the comtfwtion time of task a, , that is, the time at which task a, com- 
pletes processing. Your g^al is to minimize the average completion time, that is, 
to minimize (l/«) Yli=i c i{r° T example, suppose there are two tasks, a t and a 2 , 
with pi = 3 and p 2 = 5, and^isider the schedule in which a 2 runs first, followed 
by a\. Then c 2 = 5, C\ = 8, an^ the average completion time is (5 + 8)/2 = 6.5. 
If task a i runs first, however, thsrt^i = 3, c 2 = 8, and the average completion 
time is (3 + 8)/2 = 5.5. 

a. Give an algorithm that schedules toe-Tasks so as to minimize the average com- 
pletion time. Each task must run norNpreemptively, that is, once task a, starts, it 
must run continuously for p, units of time. Prove that your algorithm minimizes 
the average completion time, and state tfte\rMnning time of your algorithm. 

b. Suppose now that the tasks are not all availmre at once. That is, each task 
cannot stall until its release time r t . Suppose also, that we allow preemption, so 
that a task can be suspended and restarted at a later(tpjie. For example, a task a t 
with processing time p t = 6 and release time r, =Q might start running at 
time 1 and be preempted at time 4. It might then rsertWie at time 10 but be 
preempted at time 11, and it might finally resume at time 13 and complete at 
time 15. Task a, has run for a total of 6 time units, but its running time has been 
divided into three pieces. In this scenario, a, 's completion time is 15. Give 
an algorithm that schedules the tasks so as to minimize the average completion 
time in this new scenario. Prove that your algorithm minimizes the average 
completion time, and state the running time of your algorithm. 
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16-3 Acyclic subgraphs 

a. The incidence matrix for an undirected graph G = (V, E) is a \ V\ x \E\ ma- 
^\ trix M such that M ve = 1 if edge e is incident on vertex v, and M ve = 0 other- 
vQwise. Argue that a set of columns of M is linearly independent over the field 
^ integers modulo 2 if and only if the corresponding set of edges is acyclic. 

i, use the result of Exercise 16.4-2 to provide an alternate proof that (E, I) 
ofrart (a) is a matroid. 



b. Suppos^that we associate a nonnegative weight w{e) with each edge in an 
undirected graph G = (V, E). Give an efficient algorithm to find an acyclic 
subset of a of maximum total weight. 

v> 

c. Let G(V, E) b^an arbitrary directed graph, and let (E, I) be defined so that 
A e J if and on^^f A does not contain any directed cycles. Give an example 
of a directed graphy^'such that the associated system (E, I) is not a matroid. 
Specify which definin^condition for a matroid fails to hold. 

d. The incidence matrix (directed graph G = (V, E) with no self-loops is a 
\V\ x \E\ matrix M such makM V£ , = — 1 if edge e leaves vertex v, M ve = 1 if 
edge e enters vertex v, and m ve = 0 otherwise. Argue that if a set of columns 
of M is linearly independent* dj^i the corresponding set of edges does not 

V. 



contain a directed cycle. 



e. Exercise 16.4-2 tells us that the set dQinearly independent sets of columns of 
any matrix M forms a matroid. Expla^pcarefully why the results of parts (d) 
and (e) are not contradictory. How can^Jiere fail to be a perfect correspon- 
dence between the notion of a set of edgas^^ing acyclic and the notion of the 
associated set of columns of the incidence majtfrsc being linearly independent? 

16-4 Scheduling variations , 

Consider the following algorithm for the problem from ^Bption 16.5 of scheduling 
unit-time tasks with deadlines and penalties. Let all n tim^SJots be initially empty, 
where time slot i is the unit-length slot of time that finishes<<a£itime i . We consider 
the tasks in order of monotonically decreasing penalty. Whenconsidering task a 7 , 
if there exists a time slot at or before aj 's deadline dj that is still empty, assign aj 
to the latest such slot, filling it. If there is no such slot, assign task a ; to the latest 
of the as yet unfilled slots. 

a. Argue that this algorithm always gives an optimal answer. 



b. Use the fast disjoint-set forest presented in Section 21.3 to implement the algo- 
rithm efficiently. Assume that the set of input tasks has already been sorted into 
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monotonically decreasing order by penalty. Analyze the running time of your 
implementation. 

\J>6-5 Off-line caching 
Modern computers use a cache to store a small amount of data in a fast memory. 
Evelpthough a program may access large amounts of data, by storing a small subset 
of the(^ain memoiy in the cache— a small but faster memory— overall access time 
can gre^Jy decrease. When a computer program executes, it makes a sequence 
(ri, r%, . ^J„) of n memory requests, where each request is for a particular data 
element. ra> example, a program that accesses 4 distinct elements {a,b,c,d} 
might make tl^sequence of requests (d, b, d, b, d,a, c, d, b,a, c, b). Let k be the 
size of the cachC When the cache contains k elements and the program requests the 
(k + l)st element, ihe system must decide, for this and each subsequent request, 
which k elements So keep in the cache. More precisely, for each request r ( , the 
cache-management a^o»thm checks whether element r, is already in the cache. If 
it is, then we have a each? hit; otherwise, we have a cache miss. Upon a cache 
miss, the system retrievev^Jrom the main memory, and the cache-management 
algorithm must decide whether to keep r t in the cache. If it decides to keep r, and 
the cache already holds k elements, men it must evict one element to make room 
for r, . The cache-management algorithm evicts data with the goal of minimizing 
the number of cache misses over tQg)entire sequence of requests. 

Typically, caching is an on-line jwoolem. That is, we have to make decisions 
about which data to keep in the cache(w)thout knowing the future requests. Here, 
however, we consider the off-line versio$p}f this problem, in which we are given 
in advance the entire sequence of n reques^and the cache size k, and we wish to 
minimize the total number of cache misses.,>^\ 

We can solve this off-line problem by a greed^sjrategy called furthest-in-future, 
which chooses to evict the item in the cache wW$se next access in the request 
sequence comes furthest in the future. 

a. Write pseudocode for a cache manager that uses the?rUrthest-in-future strategy. 
The input should be a sequence (r 1? r 2 , . . . , r„) of replies ts and a cache size k, 
and the output should be a sequence of decisions abouV$>hich data element (if 
any) to evict upon each request. What is the running time of your algorithm? 

b. Show that the off-line caching problem exhibits optimal substructure. 



c. Prove that furthest-in-future produces the minimum possible number of cache 
misses. 
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Chapter notes 

Mach more material on greedy algorithms and matroids can be found in Lawler 
[2H^ and Papadimitriou and Steiglitz [271]. 

ThCgreedy algorithm first appeared in the combinatorial optimization literature 
in a 19^) article by Edmonds [101], though the theory of matroids dates back to 
a 1935 ar^e by Whitney [355]. 

Our proo#Spf the correctness of the greedy algorithm for the activity-selection 
problem is b^se^l on that of Gavril [131]. The task-scheduling problem is studied 
in Lawler [22fl^Pk>rowitz, Sahni, and Rajasekaran [181]; and Brassard and Bratley 
[54]. ' 

Huffman codes wep^ invented in 1952 [185]; Lelewer and Hirschberg [231] sur- 
veys data-compression techniques known as of 1987. 

An extension of mattoi&fheory to greedoid theory was pioneered by Korte and 
Lovasz [216, 217, 218, 2^-9]» who greatly generalize the theory presented here. 

°6 



17 • _ Amortized Analysis 

In an amortizea.emalysis, we average the time required to perform a sequence of 
data-structure operations over all the operations performed. With amortized analy- 
sis, we can show that the average cost of an operation is small, if we average over a 
sequence of operations js^en though a single operation within the sequence might 
be expensive. Amortized analysis differs from average-case analysis in that prob- 
ability is not involved; aiKflnwtized analysis guarantees the average performance 
of each operation in the woxstcase. 

The first three sections of this chapter cover the three most common techniques 
used in amortized analysis. Seotion>17.1 starts with aggregate analysis, in which 
we determine an upper bound r(/iy_0nihe total cost of a sequence of n operations. 
The average cost per operation is then T{n)/n. We take the average cost as the 
amortized cost of each operation, so t@t all operations have the same amortized 
cost. ^Q*. 

Section 17.2 covers the accounting metho^in which we determine an amortized 
cost of each operation. When there is more throne type of operation, each type of 
operation may have a different amortized cost. This accounting method overcharges 
some operations early in the sequence, storing thV^vercharge as "prepaid credit" 
on specific objects in the data structure. Later in the sequence, the credit pays for 
operations that are charged less than they actually costr>- 

Section 17.3 discusses the potential method, which iVbke the accounting method 
in that we determine the amortized cost of each operatiorrajd may overcharge op- 
erations early on to compensate for undercharges later. The'potential method main- 
tains the credit as the "potential energy" of the data structure as a whole instead of 
associating the credit with individual objects within the data structure. 

We shall use two examples to examine these three methods. One is a stack 
with the additional operation Multipop, which pops several objects at once. The 
other is a binary counter that counts up from 0 by means of the single operation 
Increment. 
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While reading this chapter, bear in mind that the charges assigned during an 
. amortized analysis are for analysis purposes only. They need not— and should 
^hot— appeal - in the code. If, for example, we assign a credit to an object x when 
■tfsljig the accounting method, we have no need to assign an appropriate amount to 
som& attribute, such as x. credit, in the code. 

WJ*6"ji we perform an amortized analysis, we often gain insight into a particular 
data sfwsture, and this insight can help us optimize the design. In Section 17.4, 
for exampte, we shall use the potential method to analyze a dynamically expanding 
and contractkjg table. 

% 

17.1 Aggregate analysis * 

o 

In aggregate analysis^pft show that for all n, a sequence of n operations takes 
worst-case time T(n) in J$tal. In the worst case, the average cost, or amortized 
cost, per operation is therefore T(n)/n. Note that this amortized cost applies to 
each operation, even whentn^e are several types of operations in the sequence. 
The other two methods we snalLstudy in this chapter, the accounting method and 
the potential method, may assign different amortized costs to different types of 



operations. 



Stack operations 

In our first example of aggregate analysis^jke analyze stacks that have been aug- 
mented with a new operation. Section lO.l^rjtesented the two fundamental stack 
operations, each of which takes 0(1) time: 

Push(S, x) pushes object x onto stack S. ^""^ 

Pop(S') pops the top of stack S and returns the popped object. Calling POP on an 
empty stack generates an error. 

Since each of these operations runs in 0(1) time, let us cQsider the cost of each 
to be 1. The total cost of a sequence of n Push and POP operations is therefore n, 
and the actual running time for n operations is therefore &(n). 

Now we add the stack operation Multipop(5', k), which removes the k top ob- 
jects of stack S, popping the entire stack if the stack contains fewer than k objects. 
Of course, we assume that k is positive; otherwise the Multipop operation leaves 
the stack unchanged. In the following pseudocode, the operation Stack-Empty 
returns TRUE if there are no objects currently on the stack, and FALSE otherwise. 
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top h>- 23 
17 
6 

^> 39 

10 top h»- 10 

\^a) (b) (c) 

s> 

Figure 17.H^SThe action of MULTIPOP on a stack 5, shown initially in (a). The top 4 objects are 
popped by MuLJ'?POP(5, 4), whose result is shown in (b). The next operation is MULTIPOP(5', 7), 
which emptiesXnejtack — shown in (c) — since there were fewer than 7 objects remaining. 

V 

Multipop(,S, ky v 

1 while not Stack-Empty (S) and k > 0 

2 Pop(S) 

3 k = k- 1 ^ > 

Figure 17.1 shows an example of MULTIPOP. 

What is the running time MULTIPOP (S, k) on a stack of s objects? The 
actual running time is linear in«thenumber of POP operations actually executed, 
and thus we can analyze MULTlt^ in terms of the abstract costs of 1 each for 
Push and Pop. The number of iterat^dns of the while loop is the number min(5, k) 
of objects popped off the stack. Each ilSMion of the loop makes one call to POP in 



line 2. Thus, the total cost of MULTlPOB^^min(s, k), and the actual running time 
is a lineal - function of this cost. ^\ 

Let us analyze a sequence of n PUSH, Porvaiad MULTIPOP operations on an ini- 
tially empty stack. The worst-case cost of a M^IIPOP operation in the sequence 
is 0(ri), since the stack size is at most n. The wor^-case time of any stack opera- 
tion is therefore 0{n), and hence a sequence of n operations costs 0(n 2 ), since we 
may have 0(n) MULTIPOP operations costing 0(n] each. Although this analysis 
is correct, the 0(n 2 ) result, which we obtained by considering the worst-case cost 
of each operation individually, is not tight. ✓'S. 

Using aggregate analysis, we can obtain a better upper Dgmnd that considers the 
entire sequence of n operations. In fact, although a single MULTIPOP operation 
can be expensive, any sequence of n PUSH, POP, and MULTIPOP operations on an 
initially empty stack can cost at most 0{n). Why? We can pop each object from the 
stack at most once for each time we have pushed it onto the stack. Therefore, the 
number of times that Pop can be called on a nonempty stack, including calls within 
MULTIPOP, is at most the number of PUSH operations, which is at most n. For any 
value of n, any sequence of n PUSH, POP, and MULTIPOP operations takes a total 
of O(n) time. The average cost of an operation is 0(n)/n = 0(1). In aggregate 
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analysis, we assign the amortized cost of each operation to be the average cost. In 
this example, therefore, all three stack operations have an amortized cost of 0(1). 

We emphasize again that although we have just shown that the average cost, and 
■bace the running time, of a stack operation is 0(1), we did not use probabilistic 
reqsdning. We actually showed a worst-case bound of 0(n) on a sequence of n 
oper^trons. Dividing this total cost by n yielded the average cost per operation, or 
the am^^zed cost. 

Increment^ a binary counter 

As another example of aggregate analysis, consider the problem of implementing 
a A: -bit binary counter that counts upward from 0. We use an array A[0 . .k — I] of 
bits, where A.leng$r~ b 1 k, as the counter. A binary number x that is stored in the 
counter has its lowest-order bit in ^4[0] and its highest-order bit in A [k — 1], so that 
x = Y^Zl A[i] ■ T. IrH^aW x = 0, and thus A[i] = 0 for i = 0, 1, . . . , k - 1. To 
add 1 (modulo 2 k ) to the(yalue in the counter, we use the following procedure. 

Increment^) 

1 i = 0 0 

2 while i < A. length and A[i] ^= K 

3 A[i] = 0 O * 

4 i = i + 1 

5 if i < A. length Q 

6 A[i] = 1 ^ 

Figure 17.2 shows what happens to a binary^o&nter as we increment it 16 times, 
stalling with the initial value 0 and ending wruKthe value 16. At the start of 
each iteration of the while loop in lines 2-4, weSvj^h to add a 1 into position i . 
If A[i] = 1, then adding 1 flips the bit to 0 in position i and yields a carry of 1, 
to be added into position i + 1 on the next iteration*of_fhe loop. Otherwise, the 
loop ends, and then, if i < k, we know that A[i] = 0, sothat line 6 adds a 1 into 
position i, flipping the 0 to a 1. The cost of each Increment operation is linear 
in the number of bits flipped. <V 

As with the stack example, a cursory analysis yields a bound that is correct but 
not tight. A single execution of INCREMENT takes time &(k) in the worst case, in 
which array A contains all Is. Thus, a sequence of n INCREMENT operations on 
an initially zero counter takes time O(nk) in the worst case. 

We can tighten our analysis to yield a worst-case cost of O(n) for a sequence of n 
Increment operations by observing that not all bits flip each time Increment 
is called. As Figure 17.2 shows, ^4[0] does flip each time INCREMENT is called. 
The next bit up, ^4[1], flips only every other time: a sequence of n INCREMENT 
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11 0 <rty*0 10 11 19 

12 0 0 M l 1 0 ■ 22 

13 0 0 0 ^101 23 

14 0 0 0 0 ll 25 

15 0 0 0 0 T 1 <t 1 26 

16 0 0 0 1 0 S OoO 31 

Figure 17.2 An 8-bit binary courftsr as its value goes from 0 to 16 by a sequence of 16 INCREMENT 
operations. Bits that flip to achieve/the next value are shaded. The running cost for flipping bits is 
shown at the right. Notice that the torarcost is always less than twice the total number of INCREMENT 
operations. • > 

operations on an initially zero counr^r causes A[l] to flip [n/2\ times. Similarly, 
bit A[2] flips only every fourth time, orW/4J times in a sequence of n INCREMENT 
operations. In general, for i = 0, 1,.v^k — 1, bit A[i] flips [n/2'\ times in a 
sequence of n INCREMENT operations initially zero counter. For i > k, 

bit A[i] does not exist, and so it cannot ftfp3) The total number of flips in the 
sequence is thus O 

fe-l OO j ^ 



^l_2'J ^2' r\ 

!=0 (=0 V' 

= 2n , 0> 

by equation (A.6). The worst-case time for a sequence of n INCREMENT operations 
on an initially zero counter is therefore 0(n). The average cost of each operation, 
and therefore the amortized cost per operation, is 0{n)/n = 0(1). 
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Exercises 




7.1-1 

e set of stack operations included a Multipush operation, which pushes k 
itepi'S onto the stack, would the 0(1) bound on the amortized cost of stack opera- 
tions^ntinue to hold? 

17.1-2 0 

Show tha^F a DECREMENT operation were included in the k-hit counter example, 
n operation^ould cost as much as &(nk) time. 

17.1-3 X ^ 

Suppose we perform, a sequence of n operations on a data structure in which the ith 
operation costs i iff i^tn exact power of 2, and 1 otherwise. Use aggregate analysis 
to determine the amortized cost per operation. 



17.2 The accounting method 

In the accounting method of amortized analysis, we assign differing charges to 
different operations, with some op^tions charged more or less than they actu- 
ally cost. We call the amount we ch^ge an operation its amortized cost. When 
an operation's amortized cost exceeds i^actual cost, we assign the difference to 
specific objects in the data structure as cr^dti. Credit can help pay for later oper- 
ations whose amortized cost is less than meiirjctual cost. Thus, we can view the 
amortized cost of an operation as being split bp^een its actual cost and credit that 
is either deposited or used up. Different operations may have different amortized 
costs. This method differs from aggregate analysis^n which all operations have 
the same amortized cost. ^ 

We must choose the amortized costs of operations (farpfiiHy. If we want to show 
that in the worst case the average cost per operation is*- small by analyzing with 
amortized costs, we must ensure that the total amortized cost^jf a sequence of oper- 
ations provides an upper bound on the total actual cost of the^quence. Moreover, 
as in aggregate analysis, this relationship must hold for all sequences of opera- 
tions. If we denote the actual cost of the ith operation by c, and the amortized cost 
of the th operation by c, , we require 

n n 

(17.1) 

i=l i=l 

for all sequences of n operations. The total credit stored in the data structure 
is the difference between the total amortized cost and the total actual cost, or 
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Y^"=i Ci — YTi=\ c i- By inequality (17.1), the total credit associated with the data 
structure must be nonnegative at all times. If we ever were to allow the total credit 
^\ to become negative (the result of undercharging early operations with the promise 
v^of repaying the account later on), then the total amortized costs incurred at that 
t^e would be below the total actual costs incurred; for the sequence of operations 
up^tmthat time, the total amortized cost would not be an upper bound on the total 
actu^xipst. Thus, we must take care that the total credit in the data structure never 
become^-negative. 

V 

Stack operajitins 

To illustrate tftt^tccounting method of amortized analysis, let us return to the stack 
example. Recair^jraLthe actual costs of the operations were 

Push 1 > \>* 

Pop 1 , \ x 

MULTIPOP mm(k,sy,> 

where k is the argument supplied to MULTIPOP and 5 is the stack size when it is 
called. Let us assign the foirbj^ng amortized costs: 

Push 2 , • » 

Pop 0 , <5 

Multipop 0 . 

Note that the amortized cost of MuLTlGt is a constant (0), whereas the actual cost 
is variable. Here, all three amortized co^We constant. In general, the amortized 
costs of the operations under consideratioJum^y differ from each other, and they 
may even differ asymptotically. 

We shall now show that we can pay for an£)equence of stack operations by 
charging the amortized costs. Suppose we use a dollar bill to represent each unit 
of cost. We start with an empty stack. Recall the analogy of Section 10.1 between 
the stack data structure and a stack of plates in a cafefgfja. When we push a plate 
on the stack, we use 1 dollar to pay the actual cost of ttoTpush and are left with a 
credit of 1 dollar (out of the 2 dollars charged), which wefeWe on top of the plate. 
At any point in time, every plate on the stack has a dollar ofcredit on it. 

The dollar stored on the plate serves as prepayment for the cost of popping it 
from the stack. When we execute a POP operation, we charge the operation nothing 
and pay its actual cost using the credit stored in the stack. To pop a plate, we take 
the dollar of credit off the plate and use it to pay the actual cost of the operation. 
Thus, by charging the PUSH operation a little bit more, we can charge the POP 
operation nothing. 
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Moreover, we can also charge MULTIPOP operations nothing. To pop the first 
plate, we take the dollar of credit off the plate and use it to pay the actual cost of a 
•^IfQP operation. To pop a second plate, we again have a dollar of credit on the plate 
■to^pay for the POP operation, and so on. Thus, we have always charged enough 
up(#pnt to pay for MULTIPOP operations. In other words, since each plate on the 
stacvmis 1 dollar of credit on it, and the stack always has a nonnegative number of 
plates, have ensured that the amount of credit is always nonnegative. Thus, for 
any sequence of n PUSH, POP, and MULTIPOP operations, the total amortized cost 
is an upper bound on the total actual cost. Since the total amortized cost is 0(n), 
so is the totac istual cost. 

Incrementing at^in^iry counter 

As another illustratit^jiSof the accounting method, we analyze the INCREMENT op- 
eration on a binary cotter that starts at zero. As we observed earlier, the running 
time of this operation is j^roportional to the number of bits flipped, which we shall 
use as our cost for this example. Let us once again use a dollar bill to represent 
each unit of cost (the flipping^ a bit in this example). 

For the amortized analysis, l^ps charge an amortized cost of 2 dollars to set a 
bit to 1 . When a bit is set, we use 1 dollar (out of the 2 dollars charged) to pay 
for the actual setting of the bit, andv^ place the other dollar on the bit as credit to 
be used later when we flip the bit backA) 0. At any point in time, every 1 in the 
counter has a dollar of credit on it, and/thus we can charge nothing to reset a bit 
to 0; we just pay for the reset with the dottaKbill on the bit. 

Now we can determine the amortized dssTctf INCREMENT. The cost of resetting 
the bits within the while loop is paid for by thVdallars on the bits that are reset. The 
Increment procedure sets at most one bit, mHine 6, and therefore the amortized 
cost of an Increment operation is at most 2 ooMar-s. The number of Is in the 
counter never becomes negative, and thus the amoujit of credit stays nonnegative 
at all times. Thus, for n INCREMENT operations, the total amortized cost is 0(n), 
which bounds the total actual cost. 

o 

Exercises ^ 
17.2-1 

Suppose we perform a sequence of stack operations on a stack whose size never 
exceeds k. After every k operations, we make a copy of the entire stack for backup 
puiposes. Show that the cost of n stack operations, including copying the stack, 
is O(n) by assigning suitable amortized costs to the various stack operations. 
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^ 17.2-2 

, Redo Exercise 17.1-3 using an accounting method of analysis. 

jpose we wish not only to increment a counter but also to reset it to zero (i.e., 
' all bits in it 0). Counting the time to examine or modify a bit as 0(1), 
)w to implement a counter as an array of bits so that any sequence of n 
^NT and Reset operations takes time 0(n) on an initially zero counter. 
£&o a pointer to the high-order 1.) 

\ 

17.3 The potential methods 

O . 

Instead of representing prepaid work as credit stored with specific objects in the 
data structure, the potqfjkal method of amortized analysis represents the prepaid 
work as "potential energ*^ or just "potential," which can be released to pay for 
future operations. We assc^fete the potential with the data structure as a whole 
rather than with specific object^ within the data structure. 

The potential method works as follows. We will perform n operations, stalling 
with an initial data structure D 0 * j*3r each i = 1,2, ... ,n, we let q be the actual 
cost of the i th operation and D t be rtje data structure that results after applying 
the zth operation to data structure A potential function O maps each data 

structure D t to a real number <I>(D ; ), vmich is the potential associated with data 
structure D, . The amortized cost c, of \tbeYth operation with respect to potential 
function <I> is defined by >L 

Si = Ci + <KA) - <£(A-i) ■ o (17 " 2) 

The amortized cost of each operation is therefore ^ actual cost plus the change in 
potential due to the operation. By equation (17.2), the total amortized cost of the n 
operations is 

n n O , 

Y,ci = + <£(A) - $(A-0) 



1=1 !=1 



ct + ®(D n ) -$(O 0 ). (17.3) 



i=i 



The second equality follows from equation (A.9) because the <£(/),•) terms tele- 
scope. 

If we can define a potential function O so that <!>(/)„) > <I>(Do), then the total 
amortized cost YTi=\Ci gives an upper bound on the total actual cost X^=i c ; - 
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In practice, we do not always know how many operations might be performed. 
Therefore, if we require that O(Z), ) > <&(D 0 ) for all i, then we guarantee, as in 
^ihe accounting method, that we pay in advance. We usually just define <&(D 0 ) to 
fe^O and then show that <I>(D, ) > 0 for all i. (See Exercise 17.3-1 for an easy way 
to handle cases in which ^>(D 0 ) ^ 0.) 

Inftmively, if the potential difference <E>(A ) — ^C^z-i) of the z'th operation is 
positiwcthen the amortized cost c, represents an overcharge to the z'th operation, 
and the potential of the data structure increases. If the potential difference is neg- 
ative, then- Ike amortized cost represents an undercharge to the z'th operation, and 
the decrease^fnthe potential pays for the actual cost of the operation. 

The amortizedxosts defined by equations (17.2) and (17.3) depend on the choice 
of the potential f unction Different potential functions may yield different amor- 
tized costs yet stilVb&Aipper bounds on the actual costs. We often find trade-offs 
that we can make irkchogsing a potential function; the best potential function to 
use depends on the desired-time bounds. 

V 

Stack operations 

To illustrate the potential methqS^we return once again to the example of the stack 
operations PUSH, POP, and MULTIPOP. We define the potential function f ona 
stack to be the number of objects in^^ stack. For the empty stack D 0 with which 
we start, we have <&(D 0 ) = 0. Sincethe number of objects in the stack is never 
negative, the stack Z>, that results aftertheJth operation has nonnegative potential, 
and thus 

<D(A) > 0 \b 

= 4>(A>). 

The total amortized cost of n operations with respe£i\to <I> therefore represents an 
upper bound on the actual cost. 

Let us now compute the amortized costs of the various/Stack operations. If the z'th 
operation on a stack containing 5 objects is a Push operation, then the potential 
difference is 

<D(A)-<£(A-i) = 0 + 1) -s 
= 1 . 

By equation (17.2), the amortized cost of this Push operation is 

c, = a + D(A) - *(A-0 
= l + i 
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Suppose that the ith operation on the stack is Multipop(5, k), which causes 
k' = mm(k, s) objects to be popped off the stack. The actual cost of the opera- 
tion is k', and the potential difference is 

'QCA) - *(A-0 = -k' ■ 

i the amortized cost of the MULTIPOP operation is 

c ; + 4>(D t ) - <£ (A-i) 

= %k> 

Similarly, the^^piortized cost of an ordinary POP operation is 0. 

The amortizedjjciost of each of the three operations is 0(1), and thus the total 
amortized cost of a^sequence of n operations is 0(n). Since we have already argued 
that <J>(A) > QiD^fhe total amortized cost of n operations is an upper bound 
on the total actual cost^Nie worst-case cost of n operations is therefore 0(n). 

Incrementing a binary counter 

As another example of the potStial method, we again look at incrementing a binary 
counter. This time, we define th* poflsntial of the counter after the ith INCREMENT 
operation to be bj, the number of IsAnthe counter after the ith operation. 

Let us compute the amortized co^fof an INCREMENT operation. Suppose that 
the ith Increment operation resets Obits. The actual cost of the operation is 
therefore at most t, ■■ + 1, since in additj6pko resetting t, bits, it sets at most one 
bit to 1. If bi = 0, then the ith operation t^ets all k bits, and so = ?, = k. 
If bi > 0, then 6, =£>/_!— t { + 1. In eith^r)case, b, < — + 1, and the 
potential difference is Q 

4>(A) - 4>(A-i) < <»,-, -/, + 

The amortized cost is therefore Q 

ct = c, +0(A)-f(A-i) 
< + 1) + (I - tt) 
= 2 . 

If the counter starts at zero, then <J>(Z?o) = 0. Since <J>(A ) > 0 for all i, the total 
amortized cost of a sequence of n INCREMENT operations is an upper bound on the 
total actual cost, and so the worst-case cost of n INCREMENT operations is 0(n). 

The potential method gives us an easy way to analyze the counter even when 
it does not start at zero. The counter starts with b 0 Is, and after n INCREMENT 
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operations it has b n Is, where 0 < b 0 , b n < k. (Recall that k is the number of bits 
in the counter.) We can rewrite equation (17.3) as 

; Cj =J2 d ' ~®( D n) + <KA>)- (17.4) 

We c, < 2 for all 1 < i < n. Since <f>(Do) = bo and <3>(Z)„) = Z?„, the total 
actual oost of n INCREMENT operations is 

" 



vS 

= 2n A + & 0 • 

Note in particular thaK since b 0 < fc, as long as k = 0(n), the total actual cost 
is 0(n). In other words^if we execute at least n = Q,{k) INCREMENT operations, 
the total actual cost is <9^$, no matter what initial value the counter contains. 

Exercises 

17.3-1 0 

Suppose we have a potential funcftion> <I> such that <E>(A) > ^(Do) for all i, but 
<J>(Z) 0 ) ^ 0. Show that there exists'Vpotential function <!>' such that <E>'(Z) 0 ) = °, 
&(Dj) > 0 for all i > 1, and the ahjortized costs using 0' are the same as the 
amortized costs using <&. O 

17.3-2 ^ 

Redo Exercise 17.1-3 using a potential method^ analysis. 

17.3-3 

Consider an ordinary binary min-heap data structure with n elements supporting 
the instructions INSERT and Extract-Min in 0(lg»«) worst-case time. Give a 
potential function <E> such that the amortized cost of I^S^RT is 0(lgn) and the 
amortized cost of Extract-Min is 0(1), and show that >rks. 

4 

17.3-4 ' 

What is the total cost of executing n of the stack operations PUSH, POP, and 
MULTIPOP, assuming that the stack begins with s 0 objects and finishes with s„ 
objects? 

17.3-5 

Suppose that a counter begins at a number with b Is in its binary representa- 
tion, rather than at 0. Show that the cost of performing n INCREMENT operations 
is 0(n) if n = Q(b). (Do not assume that b is constant.) 
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17.3-6 

, Show how to implement a queue with two ordinary stacks (Exercise 10.1-6) so that 
\§l the amortized cost of each ENQUEUE and each DEQUEUE operation is 0(1). 

3-7 

^si^n a data structure to support the following two operations for a dynamic 
muW^J S of integers, which allows duplicate values: 

Insert^, x) inserts x into S. 

Delete-I^rqer-Half(S') deletes the largest \\S\ /2] elements from S. 

Explain how Jgfymplement this data structure so that any sequence of m Insert 
and Delete-Dar^er-Half operations runs in 0(m) time. Your implementation 
should also incluae^way to output the elements of S in 0(|5|) time. 

% 

17.4 Dynamic tables 

We do not always know in advance how many objects some applications will store 
in a table. We might allocate spjace>for a table, only to find out later that it is not 
enough. We must then reallocated^ table with a larger size and copy all objects 
stored in the original table over into fch^new, larger table. Similarly, if many objects 
have been deleted from the table, it m^be worthwhile to reallocate the table with 
a smaller size. In this section, we study tl@problem of dynamically expanding and 
contracting a table. Using amortized analys^we shall show that the amortized cost 
of insertion and deletion is only 0(1), even^lbugh the actual cost of an operation 
is large when it triggers an expansion or a contr^cyon. Moreover, we shall see how 
to guarantee that the unused space in a dynamic^ble never exceeds a constant 
fraction of the total space. 

We assume that the dynamic table supports the operations Table-Insert and 
Table-Delete. Table-Insert inserts into the table^anJtem that occupies a sin- 
gle slot, that is, a space for one item. Likewise, TABLE-tttjL.ETE removes an item 
from the table, thereby freeing a slot. The details of the d£ta-structuring method 
used to organize the table are unimportant; we might use a stack (Section 10.1), 
a heap (Chapter 6), or a hash table (Chapter 11). We might also use an array or 
collection of arrays to implement object storage, as we did in Section 10.3. 

We shall find it convenient to use a concept introduced in our analysis of hashing 
(Chapter 11). We define the load factor a(T) of a nonempty table T to be the 
number of items stored in the table divided by the size (number of slots) of the 
table. We assign an empty table (one with no items) size 0, and we define its load 
factor to be 1 . If the load factor of a dynamic table is bounded below by a constant, 



Chapter 17 Amortized Analysis 



the unused space in the table is never more than a constant fraction of the total 
amount of space. 

We start by analyzing a dynamic table in which we only insert items. We then 
«Msider the more general case in which we both insert and delete items. 



Table expansion 



Let us assume that storage for a table is allocated as an array of slots. A table fills 
up when airslots have been used or, equivalently, when its load factor is 1 . 1 In some 
software enwonments, upon attempting to insert an item into a full table, the only 
alternative is )fo abort with an error. We shall assume, however, that our software 
environment, li^many modern ones, provides a memory-management system that 
can allocate and jlocks of storage on request. Thus, upon inserting an item 
into a full table, we <£an expand the table by allocating a new table with more slots 
than the old table hadN^ecause we always need the table to reside in contiguous 
memory, we must allocat^ new array for the larger table and then copy items from 
the old table into the new t^e. 

A common heuristic alloc^rt&s a new table with twice as many slots as the old 
one. If the only table operation^re insertions, then the load factor of the table is 
always at least 1/2, and thus the^amount of wasted space never exceeds half the 
total space in the table. 

In the following pseudocode, we asg*tme that T is an object representing the 
table. The attribute T. table contains a pointer to the block of storage representing 
the table, T. num contains the number of lteps in the table, and T. size gives the total 
number of slots in the table. Initially, the "tafctft^js empty: T.num = T.size = 0. 

Table-Insert (T,x) ^) 

1 if T.size ==0 O 

2 allocate T. table with 1 slot 

3 T.size = 1 • 

4 if T.num == T.size (^\ 

5 allocate new-table with 2 • T. size slots Q 

6 insert all items in T. table into new-table 

7 free T. table 

8 T. table = new-table 

9 T. size = 2 - T. size 

10 insert x into T. table 

11 T. num = T. num + 1 



In some situations, such as an open-address hash table, we may wish to consider a table to be full if 
its load factor equals some constant strictly less than 1. (See Exercise 17.4-1.) 
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Notice that we have two "insertion" procedures here: the Table-Insert proce- 
dure itself and the elementary insertion into a table in lines 6 and 10. We can 
analyze the running time of Table-Insert in terms of the number of elementary 
y^sertions by assigning a cost of 1 to each elementary insertion. We assume that 
th£)actual running time of Table-Insert is linear in the time to insert individual 
ite$ft£) so that the overhead for allocating an initial table in line 2 is constant and 
the overhead for allocating and freeing storage in lines 5 and 7 is dominated by 
the costffif transferring items in line 6. We call the event in which lines 5-9 are 
executed atLexpansion . 

Let us atfalyze a sequence of n Table-Insert operations on an initially empty 
table. What k the cost c, of the ith operation? If the current table has room for the 
new item (or ifvtnis is the first operation), then c, = 1, since we need only perform 
the one elemental insertion in line 10. If the current table is full, however, and an 
expansion occurs, «ien £, = i : the cost is 1 for the elementary insertion in line 10 
plus i — 1 for the ite<nVthat we must copy from the old table to the new table in 
line 6. If we perform ^operations, the worst-case cost of an operation is 0(n), 
which leads to an upper btjjAid of 0{n 2 ) on the total running time for n operations. 

This bound is not tight, {because we rarely expand the table in the course of n 
Table-Insert operations, (^ecifically, the ith operation causes an expansion 
only when i — 1 is an exact po^er of 2. The amortized cost of an operation is in 
fact 0(1), as we can show using «|fgregate analysis. The cost of the ith operation 
is y> 

!i if i — 1 is an exact power oQ> , 
1 otherwise . 

The total cost of n Table-Insert operatio^sis therefore 

n Llg"J ^ 

E« * « + °^ 

1=1 7=0 ^ 

< n + 2n * ^ 

= 3 "' a 

because at most n operations cost 1 and the costs of the rerfpljning operations form 
a geometric series. Since the total cost of n TABLE-lNSERT'operations is bounded 
by 3m, the amortized cost of a single operation is at most 3. 

By using the accounting method, we can gain some feeling for why the amor- 
tized cost of a Table-Insert operation should be 3. Intuitively, each item pays 
for 3 elementary insertions: inserting itself into the current table, moving itself 
when the table expands, and moving another item that has already been moved 
once when the table expands. For example, suppose that the size of the table is m 
immediately after an expansion. Then the table holds m/2 items, and it contains 
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no credit. We charge 3 dollars for each insertion. The elementary insertion that 
occurs immediately costs 1 dollar. We place another dollar as credit on the item 
•^tiserted. We place the third dollar as credit on one of the m/2 items already in the 
■talkie. The table will not fill again until we have inserted another m/2 — 1 items, 
and>Jhus, by the time the table contains m items and is full, we will have placed a 
dolfap'sn each item to pay to reinsert it during the expansion. 

We em use the potential method to analyze a sequence of n Table-Insert 
operatioh«r^nd we shall use it in Section 17.4.2 to design a Table-Delete op- 
eration thaLhas an 0(1) amortized cost as well. We start by defining a potential 
function <I> thaKis 0 immediately after an expansion but builds to the table size by 
the time the tablets full, so that we can pay for the next expansion by the potential. 
The function <S _ 

$(T) = 2 ■ T.num-^.size (17.5) 

is one possibility. Immediately after an expansion, we have T.num = T. size/ 2, 
and thus $>(T) = 0, a#\iesired. Immediately before an expansion, we have 
T.num = T.size, and thus^^T) = T.num, as desired. The initial value of the 
potential is 0, and since thetai^le is always at least half full, T.num > T.size/ 2, 
which implies that &(T) is always nonnegative. Thus, the sum of the amortized 
costs of n Table-Insert operations gives an upper bound on the sum of the actual 
costs. * >^ 

To analyze the amortized cost of me rfch Table-Insert operation, we let num t 
denote the number of items stored in ojejable after the /' th operation, sizei denote 
the total size of the table after the i th operation, and <I>, denote the potential after 
the z'th operation. Initially, we have num 0 \^0. sizeo = 0, and <J> 0 = 0. 

If the / th Table-Insert operation does rksthrigger an expansion, then we have 
sizet = size j -i and the amortized cost of the spepation is 

Ci = a + <£, - $>,_! 

= 1 + (2 ■ nunii — size^ — (2 ■ num t -i — sizet-i) 
= 1 + (2 ■ nunti — sizej) — (2(numi — 1) — sizet) 

= 3 - a 

If the /'th operation does trigger an expansion, then we have'V?)?, = 2 • sizet-i and 
sizei-i = nunii_i = numi — 1, which implies that sizei = 2 ■ {num t — 1). Thus, 
the amortized cost of the operation is 

Ci = d + <D, : - 4>,_i 

= numi + (2 ■ nunti — sizei) — (2 ■ numi_\ — sizet-i) 

= numi + (2 ■ nunij — 2 ■ (numi — 1)) — (2(«//m, — 1) — (numi — 1)) 

= numj + 2 — (numj — 1) 

= 3 . 
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Figure 17.3 The effect of a sequence of n TABLE-INSERT operations on the number nunij of items 
in the table, the number sizej afjtets in the table, and the potential <t>; = 2 • numi — sizei , each 
being measured after the ith opeJxjtion. The thin line shows nunij, the dashed line shows sizej, and 
the thick line shows . Notice tha(^imediately before an expansion, the potential has built up to 
the number of items in the table, and therefore it can pay for moving all the items to the new table. 
Afterwards, the potential drops to 0, but jLiSTimmediately increased by 2 upon inserting the item that 
caused the expansion. v-*' \ 



Figure 17.3 plots the values of num. 
potential builds to pay for expanding th 




and O, against i. Notice how the 



17.4.2 Table expansion and contraction 

To implement a Table-Delete operation, it is simple enough to remove the spec- 
ified item from the table. In order to limit the amount of wasted space, however, 
we might wish to contract the table when the load fact^ybecomes too small. Table 
contraction is analogous to table expansion: when the ni^ber of items in the table 
drops too low, we allocate a new, smaller table and then <p&y the items from the 
old table into the new one. We can then free the storage for me old table by return- 
ing it to the memory-management system. Ideally, we would like to preserve two 
properties: 



the load factor of the dynamic table is bounded below by a positive constant, 
and 



the amortized cost of a table operation is bounded above by a constant. 
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We assume that we measure the cost in terms of elementary insertions and dele- 
tions. 

^\ You might think that we should double the table size upon inserting an item into 
-a'niil table and halve the size when a deleting an item would cause the table to 
bee^Jne less than half full. This strategy would guarantee that the load factor of 
the T^bte never drops below 1/2, but unfortunately, it can cause the amortized cost 
of an operation to be quite large. Consider the following scenario. We perform n 
operationx^sn a table T, where n is an exact power of 2. The first n/2 operations are 
insertions;" which by our previous analysis cost a total of &(n). At the end of this 
sequence oMnsfrtions, T. num = T. size = n/2. For the second n/2 operations, 
we perform tns^aVtowing sequence: 

insert, delete, d&Ttete, insert, insert, delete, delete, insert, insert, 

A 

The first insertion cabsesthe table to expand to size n. The two following deletions 
cause the table to contracjU)ack to size n/2. Two further insertions cause another 
expansion, and so forth. Mhe cost of each expansion and contraction is 0(«), and 
there are 0(«) of them. ThfctsLlhe total cost of the n operations is 0(« 2 ), making 
the amortized cost of an operation 

The downside of this strateg^s obvious: after expanding the table, we do not 
delete enough items to pay for a contraction. Likewise, after contracting the table, 
we do not insert enough items to pa^jor an expansion. 

We can improve upon this strategy^by allowing the load factor of the table to 
drop below 1/2. Specifically, we contin@ to double the table size upon inserting 
an item into a full table, but we halve the @^e size when deleting an item causes 
the table to become less than 1/4 full, rathefVhan 1/2 full as before. The load 
factor of the table is therefore bounded below^b^he constant 1/4. 

Intuitively, we would consider a load factor of~i/2 to be ideal, and the table's 
potential would then be 0. As the load factor devotes from 1/2, the potential 
increases so that by the time we expand or contract the table, the table has garnered 
sufficient potential to pay for copying all the items intolhe newly allocated table. 
Thus, we will need a potential function that has grownSo num by the time that 
the load factor has either increased to 1 or decreased to 1 / 4VArfter either expanding 
or contracting the table, the load factor goes back to 1/2 antfrhe table's potential 
reduces back to 0. 

We omit the code for Table-Delete, since it is analogous to Table-Insert. 
For our analysis, we shall assume that whenever the number of items in the table 
drops to 0, we free the storage for the table. That is, if T.num = 0, then T.size = 0. 

We can now use the potential method to analyze the cost of a sequence of n 
Table-Insert and Table-Delete operations. We start by defining a poten- 
tial function <E> that is 0 immediately after an expansion or contraction and builds 
as the load factor increases to 1 or decreases to 1/4. Let us denote the load fac- 
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Figure 17.4 The effect of a. sequence of ;? TABLE-INSERT and TABLE-DELETE operations on the 
number numj of items in the taljl^the number size, of slots in the table, and the potential 

I 2 • numj — sizej if a.j > , 
' ( sizej /2 — nunij if otj < Yfz , 

each measured after the i'th operation. T^^hin line shows numj, the dashed line shows sizej, and 
the thick line shows . Notice that immediaiely before an expansion, the potential has built up to 
the number of items in the table, and therefore.-rt.can pay for moving all the items to the new table. 
Likewise, immediately before a contraction, thB-eptential has built up to the number of items in the 
table. 

tor of a nonempty table T by a(T) = T.n^)T.size. Since for an empty table, 
T.num = T.size — 0 and a (T) = 1, we alw^y) have T.num = a(T) ■ T.size, 
whether the table is empty or not. We shall use as(pnr potential function 



2 ■ T.num — T.size if ct(T) > 1/2 , 
T.size/ 2 — T.num if a(T) < 1/2 . 



(17.6) 



l^fhe 



Observe that the potential of an empty table is 0 and thaVthe potential is never 
negative. Thus, the total amortized cost of a sequence of operations with respect 
to O provides an upper bound on the actual cost of the sequence. 

Before proceeding with a precise analysis, we pause to observe some properties 
of the potential function, as illustrated in Figure 17.4. Notice that when the load 
factor is 1/2, the potential is 0. When the load factor is 1 , we have T. size = T. num, 
which implies <&(T) = T.num, and thus the potential can pay for an expansion if 
an item is inserted. When the load factor is 1/4, we have T.size — 4- T.num, which 
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implies <&(T) = T.num, and thus the potential can pay for a contraction if an item 
is deleted. 

To analyze a sequence of n Table-Insert and Table-Delete operations, 
«ralet Ci denote the actual cost of the zth operation, c, denote its amortized cost 
wirt>espect to <I>, nunij denote the number of items stored in the table after the zth 
oper^tron, sizej denote the total size of the table after the zth operation, a, denote 
the loMyfector of the table after the zth operation, and <I>, denote the potential after 
the zth operation. Initially, num 0 = 0, sizeo = 0, a 0 = I, and <J> 0 = 0. 

We start with the case in which the zth operation is Table-Insert. The analy- 
sis is identicm ta'that for table expansion in Section 17.4.1 if > 1/2. Whether 
the table expands or not, the amortized cost c, of the operation is at most 3. 
If < 1/2, the table cannot expand as a result of the operation, since the ta- 
ble expands only whoa a ; _x = 1. If a, < 1/2 as well, then the amortized cost of 
the zth operation is C , 

^ = d + <D, - 

= 1 + (sizej /2 — nurj^ — (sizej-i/2 — nunij_\) 

= 1 + (sizej /2 — nunij^K (sizej /2 — (nurrij — 1)) 

= 0. $ 

If a, _i < 1/2 but a, > 1/2, then* > 

Cj = d + <&i - 

= 1 + (2 • nunii — sizej) — (sizej-^. — nunij-i) 
= 1 + (2(num i ^ 1 + 1) — sizej-i) — ^$£<?,_i/2 — nunij^) 



3 

3 • nurrij _ x sizej-i + 3 



3a i ^ 1 size i -i — -sizej-i + 3 



2 

3 3 
< -sizej-i - -sizej -i + 3 

= 3 . 



Thus, the amortized cost of a Table-Insert operation is attest 3. 

We now turn to the case in which the zth operation is Table-Delete. In this 
case, nurrij = nunij-i — 1. If a,-_i < 1/2, then we must consider whether the 
operation causes the table to contract. If it does not, then sizej = sizej-\ and the 
amortized cost of the operation is 

Cj = Cj + <D, - 

= 1 + (sizej /2 — nunij) — (sizej-i/2 — nunij^x) 

= 1 + (sizej/2 — nunij) — (sizej/2 — (nunij + 1)) 

= 2 . 
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If a,_i < 1/2 and the ith operation does trigger a contraction, then the actual cost 
of the operation is c, = nurrij + 1, since we delete one item and move nunii items. 
We have sizej/2 = sizej-i/4 = num i _ l = num f + 1, and the amortized cost of 
v^pie operation is 

(num, + 1) + {size-ill — nunii) — («'ze i _ 1 /2 — nunij_i) 
= ^^unii + 1) + {(nunii + 1) — nunii) — ((2 • nunii + 2) — (nunii + 1)) 

= K> . 

When the leration is a Table-Delete and a,-_i > 1/2, the amortized cost 
is also bounded/above by a constant. We leave the analysis as Exercise 17.4-2. 

In summary, Wee the amortized cost of each operation is bounded above by 
a constant, the actual time for any sequence of n operations on a dynamic table 
is O(n). y > ' 

<v 

Exercises 

17.4-1 (J) 

Suppose that we wish to implement a dynamic, open-address hash table. Why 
might we consider the table to be^ll when its load factor reaches some value a 
that is strictly less than 1? Describe briefly how to make insertion into a dynamic, 
open-address hash table run in such a way that the expected value of the amortized 
cost per insertion is 0(1). Why is the exp^fited value of the actual cost per insertion 
not necessarily 0(1) for all insertions? 

17.4-2 

Show that if a,-! > 1/2 and the z'fh operati©on a dynamic table is Table- 
Delete, then the amortized cost of the operati^i£ with respect to the potential 
function (17.6) is bounded above by a constant. . 

o 

17.4-3 O. 

Suppose that instead of contracting a table by halving its ^ifce when its load factor 
drops below 1 /4, we contract it by multiplying its size by 2f3 when its load factor 
drops below 1/3. Using the potential function 

<&(T) = 1 2 ■ T.num — T.size\ , 



show that the amortized cost of a Table-Delete that uses this strategy is bounded 
above by a constant. 
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Problems. 

Bit-reversed binary counter 
CrQip\er, 30 examines an important algorithm called the fast Fourier transform, 
or FFT) The first step of the FFT algorithm performs a bit-reversal permutation on 
an inpu^rray A[0 . . n — 1] whose length is n = 2 k for some nonnegative integer k. 
This penrS^ation swaps elements whose indices have binary representations that 
are the revels of each other. 

We can expjfeSs each index a as a k-bit sequence (a/t-i, cik-2, ■ ■ ■ - ®o), where 
a = X)(=o a i define 
revtiicik-u a yt _ 2 ,^5X ) ao» = («o, . . . , ; 

thus, v>* 
k-i X < \ 

revfc(a) = ^a k -i- X 2' . S > 
i=o 

For example, if n = 16 (or, ^livalently, k = 4), then revyt(3) = 12, since 
the 4-bit representation of 3 is 0011, which when reversed gives 1100, the 443it 
representation of 12. vQ 

a. Given a function re\ k that runs in iSft^} time, write an algorithm to perform the 
bit-reversal permutation on an array sfiength n = 2 k in 0(nk) time. 

We can use an algorithm based on an am^tfr^ied analysis to improve the running 
time of the bit-reversal permutation. We maintain a "bit-reversed counter" and a 
procedure Bit-Reversed-Increment that, waeri given a bit-reversed-counter 
value a, produces rev^revytfa) + 1). If k = 4, ibr^xample, and the bit-reversed 
counter starts at 0, then successive calls to Bit-Rev-ersed-Increment produce 
the sequence • _ 

0000, 1000, 0100, 1 100, 0010, 1010, . . . = 0, 8, 4, 12, 2, \<Q . . . 

b. Assume that the words in your computer store k-bit valuejj^rhd that in unit time, 
your computer can manipulate the binary values with operations such as shifting 
left or right by arbitrary amounts, bitwise-AND, bitwise-OR, etc. Describe 
an implementation of the Bit-Reversed-Increment procedure that allows 
the bit-reversal permutation on an n -element array to be performed in a total 
of 0{n) time. 



c. Suppose that you can shift a word left or right by only one bit in unit time. Is it 
still possible to implement an 0(«)-time bit-reversal permutation? 
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17-2 Making binary search dynamic 

Binary search of a sorted array takes logarithmic search time, but the time to insert 
\§\ a new element is linear in the size of the array. We can improve the time for 
y^sertion by keeping several sorted arrays. 

^Specifically, suppose that we wish to support Search and Insert on a set 
orvf^elements. Let k = \lg(n + 1)], and let the binary representation of n 

be Fm? «. nk-2 « 0 ). We have k sorted arrays A a ,Ai where for 

i = 0, k-y . , k — 1, the length of array A t is 2' . Each array is either full or empty, 
dependihgxm whether «, = 1 or n, = 0, respectively. The total number of ele- 
ments helcfimall k arrays is therefore 5Z»=o n ' 2' = n. Although each individual 
array is sortecLjelements in different arrays bear no particular relationship to each 
other. >r _ 

a. Describe how t^perform the Search operation for this data structure. Analyze 
its worst-case mn^rfng^time. 

b. Describe how to perform the INSERT operation. Analyze its worst-case and 
amortized running times<\ 

c. Discuss how to implemenf^ELETE. 



17-3 Amortized weight-balanceairpes 

Consider an ordinary binary search tree>augmented by adding to each node x the 
attribute x.size giving the number of kCYS^tored in the subtree rooted at x. Let a 
be a constant in the range 1/2 < a < l.\Jre,say that a given node x is a-balanced 
if x. left. size < a ■ x.size and x.right.siheg- a ■ x.size. The tree as a whole 
is a-balanced if every node in the tree is l^bAlanced. The following amortized 
approach to maintaining weight-balanced trees (a^s^uggested by G. Varghese. 

a. A 1/2-balanced tree is, in a sense, as balanced.as it can be. Given a node x 
in an arbitrary binary search tree, show how to relffir^d the subtree rooted at x 
so that it becomes 1/2-balanced. Your algorithm shojtfhjl run in time ©(x.size), 
and it can use O (x.size) auxiliary storage. 

b. Show that performing a search in an /t-node a-balanced binary search tree 
takes 0(lg«) worst-case time. 

For the remainder of this problem, assume that the constant a is strictly greater 
than 1/2. Suppose that we implement Insert and Delete as usual for an n-node 
binary search tree, except that after every such operation, if any node in the tree 
is no longer a-balanced, then we "rebuild" the subtree rooted at the highest such 
node in the tree so that it becomes 1 / 2-balanced. 
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We shall analyze this rebuilding scheme using the potential method. For a node x 
in a binary search tree T, we define 

^)^x;) = \x. left. size — x. right. size\ , 

an^jV&define the potential of T as 



■6 



\^:A(i)>2 

where c is sufficiently large constant that depends on a. 

V' 

c. Argue tharajav binary search tree has nonnegative potential and that a 1/2- 
balanced treevna^potential 0. 

d. Suppose that m ^uts^of potential can pay for rebuilding an m-node subtree. 
How large must c ^ in, terms of a in order for it to take 0(1) amortized time 
to rebuild a subtree th^iris not a-balanced? 

e. Show that inserting a nod^nto or deleting a node from an «-node a-balanced 
tree costs 0{lgn) amortized^ime. 

17-4 The cost of restructuring red^lack trees 

There are four basic operations on re^&ack trees that perform structural modi- 
fications: node insertions, node deletioi^ rotations, and color changes. We have 
seen that RB -INSERT and RB-Delete uaesonly 0(1) rotations, node insertions, 
and node deletions to maintain the red-bl&de properties, but they may make many 
more color changes. 

a. Describe a legal red-black tree with n nodesQch that calling RB-Insert to 
add the (n + l)st node causes £2(lg«) color cf^ahges. Then describe a legal 
red-black tree with n nodes for which calling RB-Delete on a particular node 
causes £2(lg«) color changes. 

Although the worst-case number of color changes per operatjOTL can be logarithmic, 
we shall prove that any sequence of m RB -INSERT and RB-DELETE operations on 
an initially empty red-black tree causes 0(m) structural modifications in the worst 
case. Note that we count each color change as a structural modification. 

b. Some of the cases handled by the main loop of the code of both RB-Insert- 
Fixup and RB-Delete-Fixup are terminating: once encountered, they cause 
the loop to terminate after a constant number of additional operations. For each 
of the cases of RB-Insert-Fixup and RB-Delete-Fixup, specify which are 
terminating and which are not. {Hint: Look at Figures 13.5, 13.6, and 13.7.) 
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We shall first analyze the structural modifications when only insertions are per- 
formed. Let T be a red-black tree, and define <&(T) to be the number of red nodes 
in T. Assume that 1 unit of potential can pay for the structural modifications per- 
v^rmed by any of the three cases of RB-Insert-Fixup. 

cyXeet V be the result of applying Case 1 of RB-Insert-Fixup to T. Argue that 

tto - $(T) - 1. 

d. Wh^Dwe insert a node into a red-black tree using RB -INSERT, we can break 
the op^^tion into three parts. List the structural modifications and potential 
changesN^sulting from lines 1-16 of RB -INSERT, from nonterminating cases 
of RB-Inse&t-Fixup, and from terminating cases of RB-Insert-Fixup. 

e. Using part (d), argue that the amortized number of structural modifications per- 
formed by any caUxrf RB -INSERT is 0(1). 

We now wish to prove thaj> there are 0(m) structural modifications when there are 



both insertions and deletiorrc^Let us define, for each node x, 

0 if x is red , 

1 if x is black and has no red children , 
w(x) = { >c 

) 0 if x is black and hasjjjne red child , 

2 if x is black and has b$o red children . 
Now we redefine the potential of a red^SJjk tree T as 
*(r) = J>(x) , ^\ 

and let T be the tree that results from applying arly nonterminating case of RB- 
Insert-Fixup or RB-Delete-Fixup to T. 

/. Show that O(T) < <£>(T) - 1 for all nonterminQhg cases of RB-lNSERT- 
Fixup. Argue that the amortized number of structural-modifications performed 
by any call of RB-Insert-Fixup is 0(1). 

g. Show that O(r') < <&(T) - 1 for all nonterminating cases of RB -Delete - 
Fixup. Argue that the amortized number of structural modifications performed 
by any call of RB-Delete-Fixup is 0(1). 

h. Complete the proof that in the worst case, any sequence of m RB -Insert and 
RB -Delete operations performs 0{m) structural modifications. 
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17-5 Competitive analysis of self-organizing lists with move-to-front 
A self-organizing list is a linked list of n elements, in which each element has a 
•^linique key. When we search for an element in the list, we are given a key, and we 
*tfajit to find an element with that key. 

^self-organizing list has two important properties: 

1. usmnd an element in the list, given its key, we must traverse the list from the 
beginning until we encounter the element with the given key. If that element is 
the A:t^lement from the start of the list, then the cost to find the element is k. 

2. We may reorder the list elements after any operation, according to a given rule 
with a given cest. We may choose any heuristic we like to decide how to reorder 
the list. 

Assume that we staitfwifh a given list of n elements, and we are given an access 
sequence a = (<7i, a 2 y^', a m ) of keys to find, in order. The cost of the sequence 
is the sum of the costs of^tKe individual accesses in the sequence. 

Out of the various possibie.ways to reorder the list after an operation, this prob- 
lem focuses on transposing adjacent list elements— switching then positions in the 
list— with a unit cost for eaclr transpose operation. You will show, by means of a 
potential function, that a particular heuristic for reordering the list, move-to-front, 
entails a total cost no worse than f titH^s that of any other heuristic for maintaining 
the list order— even if the other heuHStm knows the access sequence in advance! 
We call this type of analysis a competmveanalysis. 

For a heuristic H and a given initial orkering of the list, denote the access cost of 
sequence a by C H (o). Let m be the numb^of accesses in a. 

a. Argue that if heuristic H does not know th€j)ccess sequence in advance, then 
the worst-case cost for H on an access sequencer is C#(ct) = Q(mn). 

With the move-to-front heuristic, immediately after searching for an element x, 
we move x to the first position on the list (i.e., the froSt of the list). 

Let rank £ (x) denote the rank of element x in list L, thatis, the position of x in 
list L. For example, if x is the fourth element in L, then-^flk i (x) = 4. Let c, 
denote the cost of access a, using the move-to-front heuristi^which includes the 
cost of finding the element in the list and the cost of moving it to the front of the 
list by a series of transpositions of adjacent list elements. 

b. Show that if a, accesses element x in list L using the move-to-front heuristic, 
then Cj =2- rank L (x) — 1. 



Now we compare move-to-front with any other heuristic H that processes an 
access sequence according to the two properties above. Heuristic H may transpose 
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elements in the list in any way it wants, and it might even know the entire access 
sequence in advance. 

Let Li be the list after access a ; - using move-to-front, and let L* be the list after 
V'ascess a, using heuristic H. We denote the cost of access ct, by c, for move-to- 
fr«3$it and by c* for heuristic H. Suppose that heuristic H performs t* transpositions 
du^ifrg access 07 . 

c. Ii<5art (b), you showed that c, = 2 • rank i;1 (x) — 1. Now show that c* = 
ranK§ I (jc) + t* . 



We dearie an inversion in list L, as a pair of elements y and z such that y 
precedes z m L* and z precedes y in list L*. Suppose that list L, has q t inversions 
after processingahe access sequence (cti, a 2 , . . . , a,). Then, we define a potential 
function <I> that mte L t to a real number by <I>(L,) = 2q t . For example, if L, has 
the elements (e, cfa, d, b) and L* has the elements (c, a, b, d, e), then L, has 5 
inversions ((e, c), (e\^)Ae, d), (e, b), (d, b)), and so $(L,) = 10. Observe that 
$(L,) > 0 for all i anquhat, if move-to-front and heuristic H start with the same 
list L 0 , then <£>(L 0 ) = 0.<^> 

£?. Argue that a transpositi^wKeifher increases the potential by 2 or decreases the 
potential by 2. \N 

Suppose that access 07 finds *the^lement x. To understand how the potential 
changes due to a, , let us partition the elements other than x into four sets, depend- 
ing on where they are in the lists jusrb^fore the ith access: 

• Set A consists of elements that prece^5)x in both L,_! and L*_ v 

• Set B consists of elements that precede^Xn L,_! and follow x in L*_ v 

• Set C consists of elements that follow _! and precede x in L*_ l . 



• Set Z) consists of elements that follow x in bo^h^L,_i and L*_ v 

e. Argue that rank^j (x) = \ A\ + |S| + 1 andranjcz,*^.*) = \A\ + |C| + 1. 

/. Show that access er, causes a change in potential 

<D(L ; ) - <b(L t -{) < 2(|A| - |B| + **) , ^ 
where, as before, heuristic H performs t* transpositions during access a,-. 
Define the amortized cost c, of access 07 by c, = c, ■ + <J>(L ( ) — &(Lj_i). 

g. Show that the amortized cost c, of access 07 is bounded from above by Ac*. 

h. Conclude that the cost C MTF (a) of access sequence a with move-to-front is at 
most 4 times the cost C H {cr) of a with any other heuristic H, assuming that 
both heuristics stall with the same list. 
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Chapter notes 

mrc>, Hopcroft, and Ullman [5] used aggregate analysis to determine the running 
tim^bfj operations on a disjoint-set forest; we shall analyze this data structure us- 
ing the)potential method in Chapter 21. Tarjan [331] surveys the accounting and 
potenti(5)iiethods of amortized analysis and presents several applications. He at- 
tributes t^accounting method to several authors, including M. R. Brown, R. E. 
Tarjan, S. Hftddleston, and K. Mehlhorn. He attributes the potential method to 
D. D. SleatdrTWe term "amortized" is due to D. D. Sleator and R. E. Tarjan. 

Potential functions are also useful for proving lower bounds for certain types of 
problems. For elach>.configuration of the problem, we define a potential function 
that maps the configu^tion to a real number. Then we determine the potential $ init 
of the initial configuration, the potential <E> final of the final configuration, and the 
maximum change in pstejstfial A<E> max due to any step. The number of steps must 
therefore be at least |<J>firkn p <J> init | / | AO max |. Examples of potential functions to 
prove lower bounds in I/O e^rnplexity appeal - in works by Cormen, Sundquist, and 
Wisniewski [79]; Floyd [107$; and Aggarwal and Vitter [3]. Krumme, Cybenko, 
and Venkataraman [221] applie^otential functions to prove lower bounds on gos- 
siping: communicating a unique *ten> from each vertex in a graph to every other 
vertex. 

The move-to-front heuristic from Problem 17-5 works quite well in practice. 
Moreover, if we recognize that when we(H^d an element, we can splice it out of its 
position in the list and relocate it to the f^Jjt of the list in constant time, we can 
show that the cost of move-to-front is at mo^tjjvice the cost of any other heuristic 
including, again, one that knows the entire acej^Sj sequence in advance. 
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Introduction 

sets, but at a more advanced l^el than Part III. Two of the chapters, for example, 
make extensive use of the amortized analysis techniques we saw in Chapter 17. 

Chapter 18 presents B -trees, wmph are balanced search trees specifically de- 
signed to be stored on disks. Beraase disks operate much more slowly than 
random-access memory, we measure performance of B-trees not only by how 
much computing time the dynamic-set operations consume but also by how many 
disk accesses they perform. For each B-rreeeperation, the number of disk accesses 
increases with the height of the B-tree, but Settee operations keep the height low. 

Chapter 19 gives an implementation of a nretgeable heap, which supports the 
operations Insert, Minimum, ExTRACT-MiNA«d Union. 1 The Union oper- 
ation unites, or merges, two heaps. Fibonacci heaps— the data structure in Chap- 
ter 19— also support the operations Delete and DBcrease-Key. We use amor- 
tized time bounds to measure the performance of acci heaps. The opera- 
tions Insert, Minimum, and Union take only 0(1) kciual and amortized time 
on Fibonacci heaps, and the operations Extract-Min anepDELETE take 0(lg«) 
amortized time. The most significant advantage of Fibonacci heaps, however, is 
that Decrease-Key takes only 0(1) amortized time. Because the Decrease- 



As in Problem 10-2, we have denned a mergeable heap to support MINIMUM and EXTRACT-MlN, 
and so we can also refer to it as a mergeable min-heap. Alternatively, if it supported MAXIMUM 
and EXTRACT-MAX, it would be a mergeable max-heap. Unless we specify otherwise, mergeable 
heaps will be by default mergeable min-heaps. 
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Key operation takes constant amortized time, Fibonacci heaps are key components 
of some of the asymptotically fastest algorithms to date for graph problems. 
^\ Noting that we can beat the Q(n Ign) lower bound for sorting when the keys 
«fa integers in a restricted range, Chapter 20 asks whether we can design a data 
suture that supports the dynamic-set operations Search, Insert, Delete, 
Minium, Maximum, Successor, and Predecessor in o(\gn) time when 
the key/srare integers in a restricted range. The answer turns out to be that we can, 
by using Recursive data structure known as a van Emde Boas tree. If the keys are 
unique inree&rs drawn from the set {0, 1, 2, . . . , m — 1}, where u is an exact power 
of 2, then vail Emde Boas trees support each of the above operations in 0(lglg w) 
time. 

Finally, Chapter 21 presents data structures for disjoint sets. We have a universe 
of n elements that sfepartitioned into dynamic sets. Initially, each element belongs 
to its own singleton s«t. The operation Union unites two sets, and the query Find- 
Set identifies the unfl^e-set that contains a given element at the moment. By 
representing each set as aCgunple rooted tree, we obtain surprisingly fast operations: 
a sequence of m operation£j*ins in 0(m a(n)) time, where a(n) is an incredibly 
slowly growing function— a is at most 4 in any conceivable application. The 
amortized analysis that proves (Rj)s time bound is as complex as the data structure 
is simple. , 

The topics covered in this pail arefljY no means the only examples of "advanced" 
data structures. Other advanced data s^pj&tures include the following: 

• Dynamic trees, introduced by Sleator-and Tarjan [319] and discussed by Tarjan 
[330], maintain a forest of disjoint rejected trees. Each edge in each tree has 
a real-valued cost. Dynamic trees suppotDtmeries to find parents, roots, edge 
costs, and the minimum edge cost on a sitff{pj)e path from a node up to a root. 
Trees may be manipulated by cutting edges, updating all edge costs on a simple 
path from a node up to a root, linking a root vtf& another tree, and making a 
node the root of the tree it appears in. One implementation of dynamic trees 
gives an 0(lg n ) amortized time bound for each operation; a more complicated 
implementation yields 0(lg n) worst-case time bounds^ynamic trees are used 
in some of the asymptotically fastest network-flow algoiajffcms. 

• Splay trees, developed by Sleator and Tarjan [320] and, again, discussed by 
Tarjan [330], are a form of binary search tree on which the standard search- 
tree operations run in 0(lg/j) amortized time. One application of splay trees 
simplifies dynamic trees. 

• Persistent data structures allow queries, and sometimes updates as well, on past 
versions of a data structure. Driscoll, Sarnak, Sleator, and Tarjan [97] present 
techniques for making linked data structures persistent with only a small time 
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and space cost. Problem 13-1 gives a simple example of a persistent dynamic 
set. 

As in Chapter 20, several data structures allow a faster implementation of dic- 
\P tionary operations (Insert, Delete, and Search) for a restricted universe 
keys. By taking advantage of these restrictions, they are able to achieve bet- 
*te^ worst-case asymptotic running times than comparison-based data structures. 
Firman and Willard introduced fusion trees [115], which were the first data 
stru^re to allow faster dictionary operations when the universe is restricted to 
integery They showed how to implement these operations in 0(lg«/lglgn) 
time. Several subsequent data structures, including exponential search trees 
[16], haveyflfoo given improved bounds on some or all of the dictionary opera- 
tions and are^iyentioned in the chapter notes throughout this book. 

• Dynamic grapfftlata structures support various queries while allowing the 
structure of a gra^n* to change through operations that insert or delete vertices 
or edges. Examples^ the queries that they support include vertex connectivity 
[166], edge connectivity, minimum spanning trees [165], biconnectivity, and 
transitive closure [164].^\ 

Chapter notes throughout mistook mention additional data structures. 

\ 
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B-trees are balarfasd search trees designed to work well on disks or other direct- 
access secondary stooge devices. B-trees are similar to red-black trees (Chap- 
ter 13), but they are better at minimizing disk I/O operations. Many database sys- 
tems use B-trees, or variants of B-trees, to store information. 

B-trees differ from recMijack trees in that B-tree nodes may have many children, 
from a few to thousands, ma^is, the "branching factor" of a B-tree can be quite 
large, although it usually depends on characteristics of the disk unit used. B-trees 
are similar to red-black trees iiMttat every «-node B-tree has height 0(lg«). The 
exact height of a B-tree can be eonsiderably less than that of a red-black tree, 
however, because its branching facto), 4nd hence the base of the logarithm that 
expresses its height, can be much lafger. Therefore, we can also use B-trees to 
implement many dynamic-set operational^ time O(lgn). 

B-trees generalize binary search trees in^jkiatural manner. Figure 18.1 shows a 
simple B-tree. If an internal B-tree node x edritains x.n keys, then x has x.n + 1 



children. The keys in node x serve as dividin^^ints separating the range of keys 
handled by x into x.n + 1 subranges, each handed by one child of x. When 
searching for a key in a B-tree, we make an (x.n^r l)-way decision based on 



comparisons with the x.n keys stored at node x. The structure of leaf nodes differs 
from that of internal nodes; we will examine these diffece nces in Section 18.1. 

Section 18.1 gives a precise definition of B-trees and^pfoves that the height of 
a B-tree grows only logarithmically with the number of iroes it contains. Sec- 
tion 18.2 describes how to search for a key and insert a ktjy into a B-tree, and 
Section 18.3 discusses deletion. Before proceeding, however, we need to ask why 
we evaluate data structures designed to work on a disk differently from data struc- 
tures designed to work in main random-access memory. 



Data structures on secondary storage 



Computer systems take advantage of various technologies that provide memory 
capacity. The primary memory (or main memory) of a computer system normally 
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T. root 




igure 18.1 ' A>B-tree whose keys are the consonants of English. An internal node x containing 
x.n keys has x>n j* 1 children. All leaves are at the same depth in the tree. The lightly shaded nodes 



Figure 18.1^ A>B-tre 
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Figure 18.2 A typical disk drive. It comprises one or r£iQj)s nlatters (two platters are shown here) 
that rotate around a spindle. Each platter is read and written(wrth a head at the end of an arm. Arms 
rotate around a common pivot axis. A track is the surface that passes beneath the read/write head 
when the head is stationary. 

consists of silicon memory chips. This technology is typ^Wy more than an order 
of magnitude more expensive per bit stored than magnetic stwage technology, such 
as tapes or disks. Most computer systems also have secondary storage based on 
magnetic disks; the amount of such secondary storage often exceeds the amount of 
primary memory by at least two orders of magnitude. 

Figure 18.2 shows a typical disk drive. The drive consists of one or more plat- 
ters, which rotate at a constant speed around a common spindle. A magnetizable 
material covers the surface of each platter. The drive reads and writes each platter 
by a head at the end of an arm. The arms can move their heads toward or away 
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from the spindle. When a given head is stationary, the surface that passes under- 
neath it is called a track. Multiple platters increase only the disk drive's capacity 
•^and not its performance. 
y-^Uthough disks are cheaper and have higher capacity than main memory, they are 
mi^dj, much slower because they have moving mechanical parts. 1 The mechanical 
moopnyias two components: platter rotation and arm movement. As of this writing, 
comirTodky disks rotate at speeds of 5400-15,000 revolutions per minute (RPM). 
We typicaHy see 15,000 RPM speeds in server-grade drives, 7200 RPM speeds 
in drives iQf^desktops, and 5400 RPM speeds in drives for laptops. Although 
7200 RPM mav'Seem fast, one rotation takes 8.33 milliseconds, which is over 5 
orders of magnitude longer than the 50 nanosecond access times (more or less) 
commonly foundrtor silicon memory. In other words, if we have to wait a full rota- 
tion for a particularism to come under the read/write head, we could access main 
memory more than vOOXipO times during that span. On average we have to wait 
for only half a rotatiort<Dut. still, the difference in access times for silicon memory 
compared with disks is enormous. Moving the arms also takes some time. As of 
this writing, average acces^Jimes for commodity disks are in the range of 8 to 11 
milliseconds. 

In order to amortize the tim^pent waiting for mechanical movements, disks 
access not just one item but severaj at a time. Information is divided into a number 
of equal-sized pages of bits that ap^ar consecutively within tracks, and each disk 
read or write is of one or more entire ptjges. For a typical disk, a page might be 2 11 
to 2 14 bytes in length. Once the read/writeSiead is positioned correctly and the disk 
has rotated to the beginning of the desireopace, reading or writing a magnetic disk 
is entirely electronic (aside from the rotatroryaf the disk), and the disk can quickly 
read or write large amounts of data. 

Often, accessing a page of information and reading it from a disk takes longer 
than examining all the information read. For this~rejrcon, in this chapter we shall 
look separately at the two principal components of the running time: 

• the number of disk accesses, and 

• the CPU (computing) time. Ov 

We measure the number of disk accesses in terms of the number of pages of infor- 
mation that need to be read from or written to the disk. We note that disk-access 
time is not constant— it depends on the distance between the current track and 
the desired track and also on the initial rotational position of the disk. We shall 



As of this writing, solid-state drives have recently come onto the consumer market. Although they 
are faster than mechanical disk drives, they cost more per gigabyte and have lower capacities than 
mechanical disk drives. 
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nonetheless use the number of pages read or written as a first-order approximation 
of the total time spent accessing the disk. 
^\ In a typical B-tree application, the amount of data handled is so large that all 
x^me data do not fit into main memory at once. The B-tree algorithms copy selected 
jra&es from disk into main memory as needed and write back onto disk the pages 
tha<t^nave changed. B-tree algorithms keep only a constant number of pages in 
mairi/inemory at any time; thus, the size of main memory does not limit the size of 
B-trees/that can be handled. 

We model disk operations in our pseudocode as follows. Let x be a pointer to an 
object. If tile object is currently in the computer's main memory, then we can refer 
to the attributejiiof the object as usual: x.key, for example. If the object referred to 
by x resides oivdisk, however, then we must perform the operation Disk-Read (x) 
to read object xnhto main memory before we can refer to its attributes. (We as- 
sume that if x is already in main memory, then Disk-Read (x) requires no disk 
accesses; it is a "no-6p^"LSimilarly, the operation Disk-Write (x) is used to save 
any changes that have fjeen made to the attributes of object x. That is, the typical 
pattern for working with ^^ibject is as follows: 

x = a pointer to some ot 
Disk-Read (x) 
operations that access and/or irfojiify the attributes of x 
Disk -Write (x) // omjKed if no attributes of x were changed 

other operations that access but db^t modify attributes of x 

The system can keep only a limited num^ekpf pages in main memory at any one 
time. We shall assume that the system flusneVjfrom main memory pages no longer 
in use; our B-tree algorithms will ignore this rs*ue. 

Since in most systems the running time of aM^-taee algorithm depends primar- 
ily on the number of Disk-Read and Disk-Write operations it performs, we 
typically want each of these operations to read or "write as much information as 
possible. Thus, a B-tree node is usually as large as a w^e disk page, and this size 
limits the number of children a B-tree node can have. O > 

For a large B-tree stored on a disk, we often see brancfjmg factors between 50 
and 2000, depending on the size of a key relative to the size of a page. A large 
branching factor dramatically reduces both the height of the tree and the number of 
disk accesses required to find any key. Figure 18.3 shows a B-tree with a branching 
factor of 1001 and height 2 that can store over one billion keys; nevertheless, since 
we can keep the root node permanently in main memory, we can find any key in 
this tree by making at most only two disk accesses. 
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1 node, 
1000 keys 

1001 nodes, 
1,001,000 keys 

1,002,001 nodes, 
1,002,001,000 keys 



Figure 18.3 A B-ttee of height 2 containing over one billion keys. Shown inside each node x 
is x.n, the number tjf keys in x. Each internal node and leaf contains 1000 keys. This B-tree has 
1001 nodes at depth fvajifl over one million leaves at depth 2. 
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To keep things simple, we ass'sme, as we have for binary search trees and red-black 
trees, that any "satellite information'' associated with a key resides in the same 
node as the key. In practice, one migh>actually store with each key just a pointer to 
another disk page containing the saf@te.information for that key. The pseudocode 
in this chapter implicitly assumes tha^the satellite information associated with a 
key, or the pointer to such satellite information, travels with the key whenever the 
key is moved from node to node. A cqrtjijion variant on a B-tree, known as a 
B + -tree, stores all the satellite information i^toe leaves and stores only keys and 
child pointers in the internal nodes, thus ma^j^jzing the branching factor of the 
internal nodes. Q 

A B-tree T is a rooted tree (whose root is T. roo^taving the following proper- 
ties: 



1. Every node x has the following attributes: 



a. x.n, the number of keys currently stored in node x, 

b. the x.n keys themselves, x.key 1 ,x.key 2 , ■ ■ ■ ,x.key xn , stored in nondecreas- 
ing order, so that x.key 1 < x.key 2 < ••• < x.key x n , 

c. x.leaf, a boolean value that is TRUE if x is a leaf and FALSE if x is an internal 
node. 



2. 



Each internal node x also contains x.n + 1 pointers x . C\ , x . c 2 , ■ ■ ■ , x . c x _ n+ \ to 
its children. Leaf nodes have no children, and so their c, attributes are unde- 
fined. 
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3. The keys x.key t separate the ranges of keys stored in each subtree: if k t is any 
key stored in the subtree with root x.Ci, then 

y-S ki < x.key 1 < k 2 < x.key 2 < ••• < x.key x „ < k x . n+l . 

4?LM1 leaves have the same depth, which is the tree's height 

5. N^es have lower and upper bounds on the number of keys they can contain. 
We (Stress these bounds in terms of a fixed integer t > 2 called the minimum 
degreyb^ the B-tree: 

a. Every^ode other than the root must have at least t — 1 keys. Every internal 
node othpr than the root thus has at least t children. If the tree is nonempty, 
the root rri\&^ have at least one key. 

b. Every node may contain at most 2t — 1 keys. Therefore, an internal node 
may have at mtajst 21 children. We say that a node is full if it contains exactly 
It - 1 keys. 2 C\ 

The simplest B-tree occi^r&when t = 2. Every internal node then has either 2, 
3, or 4 children, and we have x%r3-4 tree. In practice, however, much larger values 
of t yield B-trees with smallerheight. 

*^ 

The height of a B-tree 

The number of disk accesses requiredG^r most operations on a B-tree is propor- 
tional to the height of the B-tree. We now^Jralyze the worst-case height of a B-tree. 

Theorem 18.1 ~<\_) 

If n > 1, then for any n-key B-tree T of height (TT^nd minimum degree t > 2, 
u , n + 1 

h < log r — — . , 

o 

Proof The root of a B-tree T contains at least one key, anp*all other nodes contain 
at least t — 1 keys. Thus, T, whose height is h, has at leasVz nodes at depth 1, at 
least 2t nodes at depth 2, at least 2t 2 nodes at depth 3, and so on, until at depth h 
it has at least 2t h ~ l nodes. Figure 18.4 illustrates such a tree for h = 3. Thus, the 



2 Another common variant on a B-tree, known as a B* -tree, requires each internal node to be at 
least 2/3 full, rather than at least half full, as a B-tree requires. 
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Figure 18.4 A B-tree of^height 3 containing a minimum possible number of keys. Shown inside 
each node x is x . n. 

number n of keys satisfies {^inequality 

h /C\ 

n > l + (f-l)J^2/ <-1 ™ 

(t h -\\ ^ > 

By simple algebra, we get f* < (« + l)/2. taking base-? logarithms of both sides 
proves the theorem. kaJ ■ 

Here we see the power of B-trees, as compared with red-black trees. Although 
the height of the tree grows as 0(lg n) in both cases (recall that t is a constant), for 
B-trees the base of the logarithm can be many times lafgfr. Thus, B-trees save a 
factor of about lg / over red-black trees in the number oi rjC^es examined for most 
tree operations. Because we usually have to access the disk t^xamine an arbitrary 
node in a tree, B-trees avoid a substantial number of disk accesses. 



Exercises 
18.1-1 

Why don't we allow a minimum degree of t = 1? 
18.1-2 

For what values of t is the tree of Figure 18.1 a legal B-tree? 
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^ 18.1-3 

, Show all legal B -trees of minimum degree 2 that represent {1,2,3,4,5}. 

,f A^a function of the minimum degree /, what is the maximum number of keys that 
cm^! stored in a B-tree of height hi 

18.1® 

Describ^he data structure that would result if each black node in a red-black tree 
were to atf^rb its red children, incorporating their children with its own. 

\ 

18.2 Basic operations on Ir-^Rees 



In this section, we pre^nt the details of the operations B-Tree-Search, B- 
Tree-Create, and B-T&ee-Insert. In these procedures, we adopt two con- 
ventions: 

• The root of the B-tree is(p)ways in main memory, so that we never need to 
perform a Disk-Read on tlje root; we do have to perform a Disk-Write of 
the root, however, whenever thQoot node is changed. 

• Any nodes that are passed as parameters must already have had a Disk-Read 
operation performed on them. O 

The procedures we present are all "one^asW algorithms that proceed downward 
from the root of the tree, without having to l^dk up. 

Searching a B-tree s\ 

Searching a B-tree is much like searching a binary Search tree, except that instead 
of making a binary, or "two-way," branching deciskfo\t each node, we make a 
multiway branching decision according to the number node's children. More 
precisely, at each internal node x, we make an (x.n + l)-w^ branching decision. 

B-Tree-Search is a straightforward generalization of the Tree-Search pro- 
cedure defined for binary search trees. B -Tree-Search takes as input a pointer 
to the root node x of a subtree and a key k to be searched for in that subtree. The 
top-level call is thus of the form B -Tree-Search (T. root, k). If k is in the B-tree, 
B-Tree-Search returns the ordered pair (y,i) consisting of a node y and an 
index i such that y.key t = k. Otherwise, the procedure returns NIL. 
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B-Tree-Search(x, k) 

1 i = 1 

while i < x.n and k > x.key i 

V »=»+l 

4 £j$i>< x.« and == x.key^ 

5 O return (x, 2) 

6 elsi^)x./<?a/ 

7 r^irn NIL 

8 else Di#£)-Read(x.c,) 

9 retuMpB -Tree-Search (x.c,-, /c) 

Using a linear-^^rch procedure, lines 1-3 find the smallest index i such that 

k < x.key,, or 

elSefthey 

set i to x.« + 1. Lines 4-5 check to see whether we 
have now discoveredjne key, returning if we have. Otherwise, lines 6-9 either ter- 
minate the search unsuccessfully (if x is a leaf) or recurse to search the appropriate 
subtree of x, after perforrnmg the necessary Disk-Read on that child. 

Figure 18.1 illustrates thejpperation of B-Tree-Search. The procedure exam- 
ines the lightly shaded nodes (d&ring a search for the key R. 

As in the Tree- Search pr^^dure for binary search trees, the nodes encoun- 
tered during the recursion form ^a simple path downward from the root of the 
tree. The B-Tree-Search procedure therefore accesses 0(h) = 0(log ( n) disk 
pages, where h is the height of the Bnffee^and n is the number of keys in the B-tree. 
Since x.n < 2t, the while loop of lines 2-3 takes 0(t) time within each node, and 
the total CPU time is 0(th) = 0(t log, >rt~ 

Creating an empty B-tree 

To build a B-tree T, we first use B-Tree-Cre^© to create an empty root node 
and then call B -Tree-Insert to add new keys. B^th of these procedures use an 
auxiliary procedure ALLOCATE-NODE, which allocates one disk page to be used 
as a new node in 0(1) time. We can assume that a no^eVreated by ALLOC ATE - 
Node requires no Disk-Read, since there is as yet no useful information stored 
on the disk for that node. 

B -Tree-Create (T) 

1 x = Alloc ate-Node() 

2 x.leaf = TRUE 

3 x.n = 0 

4 Disk-Write (x) 

5 T.root = x 



B-Tree-Create requires 0(1) disk operations and 0(1) CPU time. 
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Inserting a key into a B-tree 

rv Inserting a key into a B-tree is significantly more complicated than inserting a key 
V^iftto a binary search tree. As with binary search trees, we search for the leaf position 
vat which to insert the new key. With a B-tree, however, we cannot simply create 
a^nejtf leaf node and insert it, as the resulting tree would fail to be a valid B-tree. 
Instead, we insert the new key into an existing leaf node. Since we cannot insert a 
key im» a leaf node that is full, we introduce an operation that splits a full node y 
(having® — 1 keys) around its median key y.key t into two nodes having only t — 1 
keys eacrf^Jhe^ median key moves up into y's parent to identify the dividing point 
between the^wo new trees. But if y 's parent is also full, we must split it before we 
can insert the'fu^lv key, and thus we could end up splitting full nodes all the way up 
the tree. tj\ 

As with a binarj^search tree, we can insert a key into a B-tree in a single pass 
down the tree from th^foot to a leaf. To do so, we do not wait to find out whether 
we will actually need t<jK&plit a full node in order to do the insertion. Instead, as we 
travel down the tree searching for the position where the new key belongs, we split 
each full node we come tcxal&hg the way (including the leaf itself). Thus whenever 
we want to split a full node j^e are assured that its parent is not full. 



r-CHlLQ^ta 



Splitting a node in a B-tree 

The procedure B-TREE-SPLlT-CHllrptakes as input a nonfidl internal node x (as- 
sumed to be in main memory) and an index i such that x . c t (also assumed to be in 
main memory) is a full child of x. The"nf«cedure then splits this child in two and 
adjusts x so that it has an additional chils^To^split a full root, we will first make the 
root a child of a new empty root node, so tnaiLwe can use B-Tree-Split-Child. 
The tree thus grows in height by one; splitti^g-AJhe only means by which the tree 
grows. X 

Figure 18.5 illustrates this process. We split the full node y = x.c t about its 
median key S, which moves up into y's parent node x. Those keys in y that are 
greater than the median key move into a new node z,(jyhich becomes a new child 
ofx. CX 
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Figure 18.5 Splittin^^node with t = 4. Node y = x.c, splits into two nodes, y and z, and the 
median key S of y moves^lfi into y's parent. 

v>' 

B-Tree-Split-Child(^") 

1 z = Allocate-Noi^O 

2 y = x.Ci 

3 z.leqf = y .leaf Q 

4 z.n = t — 1 

5 for y = 1 to? - 1 *vX 

6 z.keyj = y.key j+r 
1 ii not y. leaf 
8 for j = 1 to t 



10 y.ra = / - 1 

11 for j = x.n + 1 downto i + 1 



lb 



12 



X . C j _|_ i — X.Cj 



o 



13 x.d+i = z 

14 for j = x.n downto/ 

15 x.key j+1 = x.key, 

16 x.key j = y.key t 

17 x.n = x.n + 1 

18 Disk-Write (y) 

19 Disk-Write (z) 

20 Disk-Write (x) 



B-Tree-Split-Child works by straightforward "cutting and pasting." Here, x 
is the node being split, and y is x's z'th child (set in line 2). Node y originally has 2t 
children (2t — 1 keys) but is reduced to t children (t — 1 keys) by this operation. 
Node z takes the t largest children (t — 1 keys) from y , and z becomes a new child 
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of x, positioned just after y in x's table of children. The median key of y moves 
up to become the key in x that separates y and z- 

Lines 1-9 create node z and give it the largest t — 1 keys and corresponding t 
V'ahildren of y. Line 10 adjusts the key count for y. Finally, lines 11-17 insert z as 
q-^hild of x, move the median key from y up to x in order to separate y from z, 
aruj^adjust x's key count. Lines 18-20 write out all modified disk pages. The 
CPt!Umie used by B-Tree-Split-Child is 0(0, due to the loops on lines 5-6 
and 8-9WThe other loops run for 0(t) iterations.) The procedure performs 0(1) 
disk operations. 

V 

Inserting a keyHnto a B-tree in a single pass down the tree 
We insert a key^Kinto a B-tree T of height h in a single pass down the tree, re- 
quiring 0(h) disK accesses. The CPU time required is 0(th) = 0(t log t n). The 
B-Tree-Insert procedure uses B-Tree-Split-Child to guarantee that the re- 
cursion never descenos^ a full node. 

B -Tree-Insert (r, k) 

1 r = T. root ^ 

2 if r.n== 2t-l V* 

3 s = Allocate-NodE(V 

4 T.root = s O v 

5 s.leaf = FALSE \ 

6 s.n = 0 O 

7 s.Ci = r V £X 

8 B-Tree-Split-Child(5, 1) \$ 

9 B-Tree-Insert-Nonfull^,^)^^) 

10 else B-TREE-lNSERT-NONFULL(r, k) O 

Lines 3-9 handle the case in which the root node r is full: the root splits and a 
new node s (having two children) becomes the root. Splitting the root is the only 
way to increase the height of a B-tree. Figure 18.6 iltnstsates this case. Unlike a 
binary search tree, a B-tree increases in height at the top^Wead of at the bottom. 
The procedure finishes by calling B-Tree-Insert-Nonfull to insert key k into 
the tree rooted at the nonfull root node. B-Tree-Insert-Nonfull recurses as 
necessary down the tree, at all times guaranteeing that the node to which it recurses 
is not full by calling B -Tree-Split-Child as necessary. 

The auxiliary recursive procedure B-Tree-Insert-Nonfull inserts key k into 
node x, which is assumed to be nonfull when the procedure is called. The operation 
of B -Tree-Insert and the recursive operation of B-Tree-Insert-Nonfull 
guarantee that this assumption is true. 
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Figure 18.6 Spiffing the root with 2 = 4. Root node r splits in two, and a new root node s is 
created. The new root ©pntains the median key of r and has the two halves of r as children. The 
B-tree grows in heightBv^ie when the root is split. 



B-TREE-lNSERT-NONf , ^5L(x, k) 
1 i = x.n 



2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 



if x . leaf * ^ 

while i > 1 and k < ^ifey t 
x.key i+1 = x.key i% 
i = i -I 
x.key i+1 = k > 
x.n = x.n + 1 ^^>. 
Disk-Write (x) 
else while / > 1 and k < x . key l 
i =2-1 
2" = z" + 1 
Disk-Read (x.c,) 
if x.c,-.n == 2t — 1 

B -Tree-Split-Child (x, i) 
if > x . key i 

2=2 + 1 

B -Tree-Insert-Nonfull (x.c, : ,k) 



o 



The B -Tree-Insert-Nonfull procedure works as follows. Lines 3-8 handle 
the case in which x is a leaf node by inserting key k into x. If x is not a leaf 
node, then we must insert k into the appropriate leaf node in the subtree rooted 
at internal node x. In this case, lines 9-11 determine the child of x to which the 
recursion descends. Line 13 detects whether the recursion would descend to a full 
child, in which case line 14 uses B-Tree-Split-Child to split that child into two 
nonfull children, and lines 15-16 determine which of the two children is now the 
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correct one to descend to. (Note that there is no need for a Disk-Read (x. c ; - ) after 
line 16 increments i, since the recursion will descend in this case to a child that 
was just created by B-Tree-Split-Child.) The net effect of lines 13-16 is thus 
•Sm guarantee that the procedure never recurses to a full node. Line 17 then recurses 
toAisert k into the appropriate subtree. Figure 18.7 illustrates the various cases of 
inspfftng into a B-tree. 

Forra B-tree of height h, B-Tree-Insert performs 0(h) disk accesses, since 
only Disk-Read and Disk-Write operations occur between calls to 

B-Tree^ksert-Nonfull. The total CPU time used is 0(th) = 0(tlog t n). 
Since B-Trbe-Insert-NONFULL is tail -recursive, we can alternatively imple- 
ment it as a \vljile loop, thereby demonstrating that the number of pages that need 
to be in main memory at any time is 0(1). 

A 

Exercises v v- 

18.2-1 O 

Show the results of inserKjjjg the keys 

F, S, Q, K, C, L, H, T, V, W^M, R, N, P, A, B, X, Y, D, Z, E 

in order into an empty B-tree^ith minimum degree 2. Draw only the configura- 
tions of the tree just before some n^de must split, and also draw the final configu- 
ration. \ 

18.2-2 O 

Explain under what circumstances, if an^^sdundant Disk-Read or Disk-Write 
operations occur during the course of ex^djLtting a call to B -Tree-Insert. (A 
redundant Disk-Read is a Disk-Read f^^ page that is already in memory. 
A redundant Disk- Write writes to disk a pag^f information that is identical to 
what is already stored there.) ^\ 

18.2-3 • 

Explain how to find the minimum key stored in a B-tree and how to find the prede- 
cessor of a given key stored in a B-tree. v-^> 

18.2-4 * 

Suppose that we insert the keys {1,2, ... ,n} into an empty B-tree with minimum 
degree 2. How many nodes does the final B-tree have? 

18.2-5 

Since leaf nodes require no pointers to children, they could conceivably use a dif- 
ferent (larger) t value than internal nodes for the same disk page size. Show how 
to modify the procedures for creating and inserting into a B-tree to handle this 
variation. 
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Figure 18.7 Inserting keys into a B-tree. The minimum degree t for thtOj-tree is 3, so a node can 
hold at most 5 keys. Nodes that are modified by the insertion process are lightly shaded, (a) The 
initial tree for this example, (b) The result of inserting B into the initial tree; this is a simple insertion 
into a leaf node, (c) The result of inserting Q into the previous tree. The node RSTUV splits into 
two nodes containing RS and U V, the key T moves up to the root, and Q is inserted in the leftmost 
of the two halves (the RS node), (d) The result of inserting L into the previous tree. The root 
splits right away, since it is full, and the B-tree grows in height by one. Then L is inserted into the 
leaf containing JK. (e) The result of inserting F into the previous tree. The node ABCDE splits 
before F is inserted into the rightmost of the two halves (the DE node). 
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^ 18.2-6 

, Suppose that we were to implement B-Tree-Search to use binary search rather 
\§\ than linear search within each node. Show that this change makes the CPU time 
'('required 0(lg n), independently of how t might be chosen as a function of n. 

% 

Suppose that disk hardware allows us to choose the size of a disk page arbitrarily, 
but thsrlhe time it takes to read the disk page is a + bt, where a and b are specified 
constamsMind t is the minimum degree for a B-tree using pages of the selected size. 
Describe n<aw tp choose t so as to minimize (approximately) the B-tree search time. 
Suggest an optimal value of t for the case in which a = 5 milliseconds and b = 10 
microseconds'O 

\' 

18.3 Deleting a key from a B-£r^*( 



Deletion from a B-tree is analogous to insertion but a little more complicated, be- 
cause we can delete a key frcvm\any node— not just a leaf— and when we delete a 
key from an internal node, we will have to rearrange the node's children. As in 
insertion, we must guard against*del^tion producing a tree whose structure violates 
the B-tree properties. Just as we hatr tcpensure that a node didn't get too big due to 
insertion, we must ensure that a nod6doesn't get too small during deletion (except 
that the root is allowed to have fewerman the minimum number t — 1 of keys). 
Just as a simple insertion algorithm migWliave to back up if a node on the path 
to where the key was to be inserted was fi&J, a simple approach to deletion might 
have to back up if a node (other than the rodf^along the path to where the key is to 
be deleted has the minimum number of keys. O v 

The procedure B -Tree-Delete deletes the kdyfc from the subtree rooted at x. 
We design this procedure to guarantee that wheneve* it calls itself recursively on a 
node x, the number of keys in x is at least the minin(urii degree t. Note that this 
condition requires one more key than the minimum re((u3)red by the usual B-tree 
conditions, so that sometimes a key may have to be movedr^mo a child node before 
recursion descends to that child. This strengthened conditidn allows us to delete a 
key from the tree in one downward pass without having to "back up" (with one ex- 
ception, which we'll explain). You should interpret the following specification for 
deletion from a B-tree with the understanding that if the root node x ever becomes 
an internal node having no keys (this situation can occur in cases 2c and 3b on 
pages 501-502), then we delete x, and x's only child x.C\ becomes the new root 
of the tree, decreasing the height of the tree by one and preserving the property that 
the root of the tree contains at least one key (unless the tree is empty). 
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Figure 18.8 Deleting keys from a B-tree. The minimum degree*forthis B-tree is t = 3, so a node 
(other than the root) cannot have fewer than 2 keys. Nodes that are'modified are lightly shaded, 
(a) The B-tree of Figure 18.7(e). (b) Deletion of F. This is case l:(s^nple deletion from a leaf, 
(c) Deletion of M. This is case 2a: the predecessor L of M moves up to t«OJVf 's position, (d) Dele- 
tion of G. This is case 2c: we push G down to make node DEGJK and fh^n delete G from this leaf 
(case 1). 



We sketch how deletion works instead of presenting the pseudocode. Figure 18.8 
illustrates the various cases of deleting keys from a B-tree. 



1. If the key k is in node x and x is a leaf, delete the key k from x. 

2. If the key k is in node x and x is an internal node, do the following: 
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(e) D deleted: case 3b 




Figure 18.8, continued (e) Deletion of D. This is case 3b: the recursion cannot descend to 
node CL because it has only 2 keyv'so we push P down and merge it with CL and TX to form 
CLP TX; then we delete D from a leaft(cas? 1). (e') After (e), we delete the root and the tree shrinks 
in height by one. (f) Deletion of B. TtrKiSjcase 3a: C moves to fill B's position and E moves to 
fill C 's position. ^} 

o 

a. If the child y that precedes k in^pde x has at least t keys, then find the 
predecessor k' of k in the subtree roOJed at y. Recursively delete k', and 
replace k by k' in x. (We can findXj^Wid delete it in a single downward 
pass.) q 

b. If y has fewer than t keys, then, symmetrically, examine the child z that 
follows k in node x. If z has at least t keys, then find the successor k' of k in 
the subtree rooted at z. Recursively delete k', amlyreplace k by k' in x. (We 
can find k' and delete it in a single downward pa§^ 

c. Otherwise, if both y and z have only t — I keys, metgkk and all of z into y, 
so that x loses both k and the pointer to z, and y now contains 2t — 1 keys. 
Then free z and recursively delete k from y. 

3. If the key k is not present in internal node x, determine the root x.c, of the 
appropriate subtree that must contain k, if k is in the tree at all. If x.c, has 
only t — \ keys, execute step 3a or 3b as necessary to guarantee that we descend 
to a node containing at least t keys. Then finish by recursing on the appropriate 
child of x. 
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a. If x.Cj has only t — 1 keys but has an immediate sibling with at least t keys, 
« give x . Ci an extra key by moving a key from x down into x . c, ■ , moving a 

key from x.c,'s immediate left or right sibling up into x, and moving the 
appropriate child pointer from the sibling into x . c, ■ . 

If. x.c, and both of x.c ; 's immediate siblings have Z — 1 keys, merge x.c, 
\^with one sibling, which involves moving a key from x down into the new 
irH^ged node to become the median key for that node. 

Since ®st of the keys in a B-tree are in the leaves, we may expect that in 
practice, del^ion operations are most often used to delete keys from leaves. The 
B-TREE-DEft£TE procedure then acts in one downward pass through the tree, 
without having*^) back up. When deleting a key in an internal node, however, 
the procedure mak^ a downward pass through the tree but may have to return to 
the node from which^fie key was deleted to replace the key with its predecessor or 
successor (cases 2a and^Sb). 

Although this procedu*& seems complicated, it involves only 0(h) disk oper- 
ations for a B-tree of heigW/z, since only 0(1) calls to Disk-Read and Disk- 
Write are made between receive invocations of the procedure. The CPU time 
required is 0(th) = 0(t log^n^ 

Exercises 
18.3-1 

Show the results of deleting C, P , and Ivm order, from the tree of Figure 18.8(f). 
18.3-2 

Write pseudocode for B -Tree-Delete. 

°6 



Problems 



O 

18-1 Stacks on secondary storage 

Consider implementing a stack in a computer that has a relatively small amount 
of fast primary memory and a relatively large amount of slower disk storage. The 
operations Push and Pop work on single-word values. The stack we wish to 
support can grow to be much larger than can fit in memory, and thus most of it 
must be stored on disk. 

A simple, but inefficient, stack implementation keeps the entire stack on disk. 
We maintain in memory a stack pointer, which is the disk address of the top element 
on the stack. If the pointer has value p, the top element is the (p mod m)th word 
on page [p / m\ of the disk, where m is the number of words per page. 
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To implement the PUSH operation, we increment the stack pointer, read the ap- 
propriate page into memory from disk, copy the element to be pushed to the ap- 
nropriate word on the page, and write the page back to disk. A POP operation is 
V'similar. We decrement the stack pointer, read in the appropriate page from disk, 
an$ return the top of the stack. We need not write back the page, since it was not 
modified. 

ise disk operations are relatively expensive, we count two costs for any 
implen^sfttation: the total number of disk accesses and the total CPU time. Any 
disk acces£*to a page of m words incurs charges of one disk access and &(m) CPU 
time. ▼ y 

a. AsymptotietHly, what is the worst-case number of disk accesses for n stack 
operations ttsiirg this simple implementation? What is the CPU time for n stack 
operations? (Express your answer in terms of m and n for this and subsequent 
parts.) 

Now consider a stack implementation in which we keep one page of the stack in 
memory. (We also maintaima small amount of memory to keep track of which page 
is currently in memory.) W^San perform a stack operation only if the relevant disk 
page resides in memory. If n^ssary, we can write the page currently in memory 
to the disk and read in the new gage from the disk to memory. If the relevant disk 
page is already in memory, then nj^jisk accesses are required. 

b. What is the worst-case number^f^ disk accesses required for n Push opera- 
tions? What is the CPU time? Q 

c. What is the worst-case number of di&^sesses required for n stack operations? 
What is the CPU time? 

Suppose that we now implement the stack by (Keeping two pages in memory (in 
addition to a small number of words for bookkeeping). 

d. Describe how to manage the stack pages so that«the amortized number of disk 
accesses for any stack operation is 0(l/m) and (Hei- amortized CPU time for 
any stack operation is 0(1). Q 

18-2 Joining and splitting 2-3-4 trees 

The join operation takes two dynamic sets S' and S" and an element x such that 
for any x' e S' and x" e S" , we have x' .key < x.key < x" .key. It returns a set 
S = S' U {x) U S" . The split operation is like an "inverse" join: given a dynamic 
set S and an element x € S, it creates a set S' that consists of all elements in 
S — {x} whose keys are less than x.key and a set S" that consists of all elements 
in S — {x} whose keys are greater than x.key. In this problem, we investigate 
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how to implement these operations on 2-3-4 trees. We assume for convenience that 
, elements consist only of keys and that all key values are distinct. 

{»«<Show how to maintain, for every node x of a 2-3-4 tree, the height of the subtree 
^^rooted at x as an attribute x, height. Make sure that your implementation does 
lipt^affect the asymptotic running times of searching, insertion, and deletion. 

b. Sho^how to implement the join operation. Given two 2-3-4 trees T' and T" 
and a^y k, the join operation should run in 0(1 + \h' — h"\) time, where h' 
and h" a^the heights of T' and T" , respectively. 

c. Consider the^mple path p from the root of a 2-3-4 tree T to a given key k, 
the set S' of ke^in T that are less than k, and the set S" of keys in T that are 
greater than k. Sb&v that p breaks S' into a set of trees {Tq, T[, . . . , 7^} and a 
setofkeys {k' 1 ,k\ s ^T,k' m }, where, for i = 1, 2, . . . , m, we have y < k[ < z 
for any keys y € Tf^jJ^d z e T[, What is the relationship between the heights 
of 7y_j and T(l Descrih^how p breaks 5"' into sets of trees and keys. 

d. Show how to implement < tiiLspht operation on T . Use the join operation to 
assemble the keys in S' intsM single 2-3-4 tree T' and the keys in S" into a 
single 2-3-4 tree T". The running time of the split operation should be 0(lg n), 
where n is the number of keys i^j ..(Hint: The costs for joining should tele- 
scope.) 

O 

A? 

Chapter notes M> 

Knuth [211], Aho, Hopcroft, and Ullman [5], a Qse dgewick [306] give further 
discussions of balanced-tree schemes and B-trees. Qomer [74] provides a compre- 
hensive survey of B-trees. Guibas and Sedgewick [155] discuss the relationships 
among various kinds of balanced-tree schemes, includin^rfed-black trees and 2-3-4 
trees. Q 

In 1970, J. E. Hopcroft invented 2-3 trees, a precursoi*^ B-trees and 2-3-4 
trees, in which every internal node has either two or three children. Bayer and 
McCreight [35] introduced B-trees in 1972; they did not explain their choice of 
name. 

Bender, Demaine, and Farach-Colton [40] studied how to make B-trees perform 
well in the presence of memory-hierarchy effects. Their cache-oblivious algo- 
rithms work efficiently without explicitly knowing the data transfer sizes within 
the memory hierarchy. 
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V, 

% 

The Fibonacci r)£W data structure serves a dual puipose. First, it supports a set of 
operations that confutes what is known as a "mergeable heap." Second, several 
Fibonacci-heap operations run in constant amortized time, which makes this data 
structure well suited ronqpplications that invoke these operations frequently. 

Mergeable heaps 

A mergeable heap is any data(^ttucture that supports the following five operations, 
in which each element has a key% * 

Make-Heap () creates and returns-^ijfew heap containing no elements. 

Insert (H, x) inserts element x, whos£^ey has already been filled in, into heap H . 

Minimum (H) returns a pointer to the e^^ent in heap H whose key is minimum. 

Extract-Min(7/) deletes the element froShheap H whose key is minimum, re- 
turning a pointer to the element. '<\J 

Union (H lt H 2 ) creates and returns a new heapnft^tt contains all the elements of 

heaps Hi and H 2 . Heaps Hi and H 2 are "destroyed" by this operation. 

• 

In addition to the mergeable-heap operations above, I^Bonacci heaps also support 
the following two operations: Q 

Decrease-Key (H, x, k) assigns to element x within^reap H the new key 
value k, which we assume to be no greater than its current key value. 1 

Delete (H, x) deletes element x from heap H . 



As mentioned in the introduction to Part V, our default mergeable heaps are mergeable min- 
heaps, and so the operations MINIMUM, EXTRACT-MlN, and DECREASE-KEY apply. Alterna- 
tively, we could define a mergeable max-heap with the operations MAXIMUM, EXTRACT-MAX, 
and Increase-Key. 
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Binary heap Fibonacci heap 

Procedure 
V^lARE-HEAP 
INSERT 

Extr^Ot-Min 
Union 

Decreas^^ey 
Delete V"*) 

Figure 19.1 RunUrng times for operations on two implementations of mergeable heaps. The num- 
ber of items in the heapf^) at the time of an operation is denoted by n. 

c 

As the table in Figur^l9.1 shows, if we don't need the UNION operation, ordi- 
nary binary heaps, as us^&in heapsort (Chapter 6), work fairly well. Operations 
other than UNION run in wforst-case time 0(lgn) on a binary heap. If we need 
to support the UNION operatic, however, binary heaps perform poorly. By con- 
catenating the two arrays that npM the binary heaps to be merged and then running 
Build-Min-Heap (see Section-6.3), the Union operation takes &(n) time in the 
worst case. * >^ 

Fibonacci heaps, on the other hand, have better asymptotic time bounds than 
binary heaps for the INSERT, UNlON^nd Decrease-Key operations, and they 
have the same asymptotic running timesM«r_the remaining operations. Note, how- 
ever, that the running times for Fibonacchjjeaps in Figure 19.1 are amortized time 
bounds, not worst-case per-operation time Sounds. The Union operation takes 
only constant amortized time in a Fibonacct^ekp, which is significantly better 
than the linear worst-case time required in a bina%)ieap (assuming, of course, that 
an amortized time bound suffices). 

• 

Fibonacci heaps in theory and practice O 

From a theoretical standpoint, Fibonacci heaps are especiaj-ta desirable when the 
number of Extract-Min and Delete operations is small relative to the number 
of other operations performed. This situation arises in many applications. For 
example, some algorithms for graph problems may call Decrease-Key once per 
edge. For dense graphs, which have many edges, the ©(1) amortized time of each 
call of Decrease-Key adds up to a big improvement over the 0(lg n) worst-case 
time of binary heaps. Fast algorithms for problems such as computing minimum 
spanning trees (Chapter 23) and finding single-source shortest paths (Chapter 24) 
make essential use of Fibonacci heaps. 
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From a practical point of view, however, the constant factors and program- 
, ming complexity of Fibonacci heaps make them less desirable than ordinary binary 
^\ (or k-ary) heaps for most applications, except for certain applications that manage 
V'rarge amounts of data. Thus, Fibonacci heaps are predominantly of theoretical in- 
~ ")st. If a much simpler data structure with the same amortized time bounds as 



Fib/macci heaps were developed, it would be of practical use as well. 

Bmt\binary heaps and Fibonacci heaps are inefficient in how they support the 
operations E ARCH; it can take a while to find an element with a given key. For this 
reason, operations such as Decrease-Key and Delete that refer to a given ele- 
ment require a pointer to that element as part of their input. As in our discussion of 
priority queuesin Section 6.5, when we use a mergeable heap in an application, we 
often store a hartals to the corresponding application object in each mergeable-heap 
element, as welfH« suhandle to the corresponding mergeable-heap element in each 
application object.CThe, exact nature of these handles depends on the application 
and its implementatibtfu x 

Like several other da{a structures that we have seen, Fibonacci heaps are based 
on rooted trees. We represent each element by a node within a tree, and each 
node has a key attribute. F<^S:he remainder of this chapter, we shall use the term 
"node" instead of "element." (^)s shall also ignore issues of allocating nodes prior 
to insertion and freeing nodes following deletion, assuming instead that the code 
calling the heap procedures deals"*$rth these details. 

v 

Section 19.1 defines Fibonacci heap^ discusses how we represent them, and 
presents the potential function used feZ-their amortized analysis. Section 19.2 
shows how to implement the mergeable i oeari operations and achieve the amortized 
time bounds shown in Figure 19.1. The remaining two operations, DECREASE- 
Key and Delete, form the focus of SectidnvL9.3. Finally, Section 19.4 finishes a 
key part of the analysis and also explains the ciid^s name of the data structure. 

• 

19.1 Structure of Fibonacci heaps 

A Fibonacci heap is a collection of rooted trees that are nifil-heap ordered. That 
is, each tree obeys the min-heap property: the key of a node is greater than or equal 
to the key of its parent. Figure 19.2(a) shows an example of a Fibonacci heap. 

As Figure 19.2(b) shows, each node x contains a pointer x.p to its parent and 
a pointer x. child to any one of its children. The children of x are linked together 
in a circular, doubly linked list, which we call the child list of x. Each child y in 
a child list has pointers y.left and y .right that point to y's left and right siblings, 
respectively. If node y is an only child, then y.left = y .right = y. Siblings may 
appear in a child list in any order. 
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Figure 19.2 (a) A Fibonacci heap corijisti 
dashed line indicates the root list. The mi: 
Black nodes are marked. The potential of thf 
complete representation showing pointers p 



of five min-heap-ordered trees and 14 nodes. The 
m node of the heap is the node containing the key 3. 
articular Fibonacci heap is 5 + 2 • 3 = 11. (b) A more 
p arrows), child (down arrows), and left and right 



(sideways arrows). The remaining figures in this (jh^lpter omit these details, since all the information 
shown here can be determined from what appears ir^J^rt (a). 

Circular, doubly linked lists (see Section 1$(2) have two advantages for use in 
Fibonacci heaps. First, we can insert a node intQury location or remove a node 
from anywhere in a circular, doubly linked list in time. Second, given two 
such lists, we can concatenate them (or "splice" them, together) into one circular, 
doubly linked list in 0(1) time. In the descriptions of F^pnacci heap operations, 
we shall refer to these operations informally, letting you |ffl) in the details of their 
implementations if you wish. y^L 

Each node has two other attributes. We store the number ofchildren in the child 
list of node x in x. degree. The boolean-valued attribute x.mark indicates whether 
node x has lost a child since the last time x was made the child of another node. 
Newly created nodes are unmarked, and a node x becomes unmarked whenever it 
is made the child of another node. Until we look at the Decrease-Key operation 
in Section 19.3, we will just set all mark attributes to FALSE. 

We access a given Fibonacci heap H by a pointer H. min to the root of a tree 
containing the minimum key; we call this node the minimum node of the Fibonacci 
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heap. If more than one root has a key with the minimum value, then any such root 
may serve as the minimum node. When a Fibonacci heap H is empty, H.min 
^ is NIL. 

O The roots of all the trees in a Fibonacci heap are linked together using their 
l^ft) and right pointers into a circular, doubly linked list called the root list of the 
Fib/macci heap. The pointer H. min thus points to the node in the root list whose 
key , ls<rainimum. Trees may appear in any order within a root list. 

We r/riy on one other attribute for a Fibonacci heap H: H.n, the number of 
nodes currently in H . 

Potential fuhftipn 

As mentioned, &^shall use the potential method of Section 17.3 to analyze the 
performance of Fi<QOhacci heap operations. For a given Fibonacci heap H , we 
indicate by t(H) the^mber of trees in the root list of H and by m{H) the number 
of marked nodes in then define the potential &(H) of Fibonacci heap H 

Q(H) = t(H) + 2m(H)>Q (19.1) 

(We will gain some intuition forJhisjDotential function in Section 19.3.) For exam- 
ple, the potential of the Fibonacci^le^p shown in Figure 19.2 is 5 + 2-3 = 11. The 
potential of a set of Fibonacci heap^is the sum of the potentials of its constituent 
Fibonacci heaps. We shall assume fh^F^ unit of potential can pay for a constant 
amount of work, where the constant is sufficiently large to cover the cost of any of 
the specific constant-time pieces of worMh^we might encounter. 

We assume that a Fibonacci heap applicatiefri begins with no heaps. The initial 
potential, therefore, is 0, and by equation (19yl^ the potential is nonnegative at 
all subsequent times. From equation (17.3), an urms^r bound on the total amortized 
cost provides an upper bound on the total actual cost for the sequence of operations. 

Maximum degree ^-q 

The amortized analyses we shall perform in the remaining^^ctions of this chapter 
assume that we know an upper bound D(n) on the maximum degree of any node 
in an «-node Fibonacci heap. We won't prove it, but when only the mergeable- 
heap operations are supported, D(n) < [lg w J- (Problem 19-2(d) asks you to prove 
this property.) In Sections 19.3 and 19.4, we shall show that when we support 
Decrease-Key and Delete as well, D(n) = 0(\gn). 
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19.2 Mergeable-heap operations 

T^ie mergeable-heap operations on Fibonacci heaps delay work as long as possible. 
Th^atjous operations have performance trade-offs. For example, we insert a node 
by adding it to the root list, which takes just constant time. If we were to start 
with an^npty Fibonacci heap and then insert k nodes, the Fibonacci heap would 
consist o^ist a root list of k nodes. The trade-off is that if we then perform 
an EXTRAQfXMlN operation on Fibonacci heap H, after removing the node that 
H. min poinfCtj>,'we would have to look through each of the remaining k — 1 nodes 
in the root list tp*find the new minimum node. As long as we have to go through 
the entire root lis^/tering the Extract-Min operation, we also consolidate nodes 
into min-heap-ordeTefiktrees to reduce the size of the root list. We shall see that, no 
matter what the rooNist looks like before a Extract-Min operation, afterward 
each node in the root list h^s a degree that is unique within the root list, which leads 
to a root list of size at most D(n) + 1. 

Creating a new Fibonacci hea^ 

To make an empty Fibonacci heajj, the Make-Fib-Heap procedure allocates and 
returns the Fibonacci heap object f<n\ where H.n = 0 and H.min = NIL; there 
are no trees in H . Because t(H) — Q^alid m(H) = 0, the potential of the empty 
Fibonacci heap is <!>(//) = 0. The amortized cost of Make-Fib-Heap is thus 
equal to its 0(1) actual cost. 

Inserting a node 



The following procedure inserts node x into Fibonacci heap H, assuming that the 
node has already been allocated and that x . key has already been filled in. 

Fib -Heap-Insert (H,x) q 

1 x. degree = 0 Q 

2 x.p = NIL \K 

3 x. child = NIL 

4 x.mark = FALSE 

5 if H.min == NIL 

6 create a root list for H containing just x 
1 H.min = x 

8 else insert x into H 's root list 

9 if x . key < H.min. key 

10 H.min = x 

11 H.n = H.n + 1 
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'0 (a) (b) 

Figure 19.3 y'lnse/ting a node into a Fibonacci heap, (a) A Fibonacci heap H . (b) Fibonacci heap H 
after inserting^lie node with key 21. The node becomes its own min- heap-ordered tree and is then 
added to the rootcfls), becoming the left sibling of the root. 

Lines 1-4 initializ^sbme of the structural attributes of node x. Line 5 tests to see 
whether Fibonacci h^apj H is empty. If it is, then lines 6-7 make x be the only 
node in H's root list afl&set H.min to point to x. Otherwise, lines 8-10 insert x 
into H 's root list and updme H. min if necessary. Finally, line 1 1 increments H. n 
to reflect the addition of thf&iew node. Figure 19.3 shows a node with key 21 
inserted into the Fibonacci he^j of Figure 19.2. 

To detemiine the amortized" cost of Fib-Heap-Insert, let H be the input Fi- 
bonacci heap and H' be the resulting Fibonacci heap. Then, t(H') = t{H) + 1 
and m(H') = m(H), and the increSspin potential is 

((t(H) + 1) + 2m(H)) - (t(H) + iQlH)) = 1 . 

Since the actual cost is 0(1), the amortrze^W)st is 0(1) + 1 = 0(1). 

Finding the minimum node Q 

The minimum node of a Fibonacci heap H is gi^en by the pointer H.min, so we 
can find the minimum node in 0(1) actual time. Because the potential of H does 
not change, the amortized cost of this operation is equ^j\o its 0(1) actual cost. 

Uniting two Fibonacci heaps </ 

The following procedure unites Fibonacci heaps H x and H 2 , destroying Hi and H 2 
in the process. It simply concatenates the root lists of Hi and H 2 and then deter- 
mines the new minimum node. Afterward, the objects representing H Y and H 2 will 
never be used again. 
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Fib -Heap-Union (H lt H 2 ) 

1 H = Make-Fib-Heap() 

H.min = H\.min 
"Sp concatenate the root list of H 2 with the root list of H 

4 (Hi.min == nil) or (H 2 .min ^ NIL and H 2 .min.key < H\.min.key) 

5 > 0 H.min = H 2 .min 

6 fL(f$= H l .n+ H 2 . n 

7 returtW 

V 

Lines 1-3 concatenate the root lists of Hi and H 2 into a new root list H . Lines 
2, 4, and 5 ser thfe minimum node of H , and line 6 sets //. « to the total number 
of nodes. Line r returns the resulting Fibonacci heap H . As in the Fib -Heap- 
Insert procedureVyi^oots remain roots. 
The change in potential is 

HH) - ($(#i) + <S>{H& 

= (t(H) + 2m(tf$>- (QiHi) + 2m{H x )) + (t(H 2 ) + 2m{H 2 ))) 
= 0, C 

because t(H) = t{H x ) + t(Hi) and m{H) = m(H{) + m(H 2 ). The amortized 
cost of Fib-Heap-Union is therefore equal to its 0(1) actual cost. 

V 

Extracting the minimum node Q 

The process of extracting the minimum the most complicated of the oper- 

ations presented in this section. It is also whspethe delayed work of consolidating 
trees in the root list finally occurs. The folldwiHg pseudocode extracts the mini- 
mum node. The code assumes for convenience tftai) when a node is removed from 
a linked list, pointers remaining in the list are updat^ but pointers in the extracted 
node are left unchanged. It also calls the auxiliary procedure CONSOLIDATE, 
which we shall see shortly. 
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Fib-Heap-Extract-Min (H) 
1 z — H.min 
\S>£ ifZ^NIL 
^03 for each child x of z 

(2p . add x to the root list of H 

50 x.p = NIL 

6 remove z from the root list of H 
1 (ftyz==z. right 

8 H.min = NIL 

9 el§e>H.min = z. right 

10 \^)NSOLIDATE(//) 

11 H.n^<H.n-\ 

12 return z (\ 

As Figure 19.4 illustrates Fib -He ap-Extract-Min works by first making a root 
out of each of the minimum node's children and removing the minimum node from 
the root list. It then consolidates the root list by linking roots of equal degree until 
at most one root remains ofCgach degree. 

We start in line 1 by savir£g\)a pointer z to the minimum node; the procedure 
returns this pointer at the end. I&z is>NlL, then Fibonacci heap H is already empty 
and we are done. Otherwise, we *@ete node z from H by making all of z 's chil- 
dren roots of H in lines 3-5 (putting^triem into the root list) and removing z from 
the root list in line 6. If z is its ow^fTjight sibling after line 6, then z was the 
only node on the root list and it had no£5hildren, so all that remains is to make 
the Fibonacci heap empty in line 8 beroj^yeturning z. Otherwise, we set the 
pointer H.min into the root list to point to^KOOt other than z (in this case, z's 
right sibling), which is not necessarily going to-be the new minimum node when 
Fib-Heap-Extract-Min is done. Figure 19/tf^ shows the Fibonacci heap of 
Figure 19.4(a) after executing line 9. ^ 

The next step, in which we reduce the number ortrees in the Fibonacci heap, is 
consolidating the root list of H , which the call Consolidate (H) accomplishes. 
Consolidating the root list consists of repeatedly executirtg-jjap following steps until 
every root in the root list has a distinct degree value: \? 

1 . Find two roots x and y in the root list with the same degree. Without loss of 
generality, let x.key < y.key. 

2. Link y to x: remove y from the root list, and make y a child of x by calling the 
Fib -Heap-Link procedure. This procedure increments the attribute x. degree 
and clears the mark on y. 
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Figure 19.4 The action of Fib-Heap-Extract-Min. (a) A Fiboi^5jpi heap H. (b) The situa- 
tion after removing the minimum node z from the root list and adding^jchildren to the root list. 
(c)-(e) The array A and the trees after each of the first three iterations of ftftj-for loop of lines 4-14 of 
the procedure CONSOLIDATE. The procedure processes the root list by starting at the node pointed 
to by H.min and following right pointers. Each part shows the values of w and x at the end of an 
iteration, (f)-(h) The next iteration of the for loop, with the values of w and x shown at the end of 
each iteration of the while loop of lines 7-13. Part (f) shows the situation after the first time through 
the while loop. The node with key 23 has been linked to the node with key 7, which x now points to. 
In part (g), the node with key 17 has been linked to the node with key 7, which x still points to. In 
part (h), the node with key 24 has been linked to the node with key 7. Since no node was previously 
pointed to by .4 [3], at the end of the for loop iteration, ^4[3] is set to point to the root of the resulting 
tree. 




Figure 19.4, continued (i)-(l) The situation aftereacb of the next four iterations of the for loop, 
(m) Fibonacci heap H after reconstructing the root 4j3(_f/orn the array A and determining the new 
H.min pointer. (*^) 

<^ 

The procedure CONSOLIDATE uses an auxiliary .array ^4[0. . D(H.n)] to keep 
track of roots according to their degrees. If A[i] = j^Tithen y is currently a root 
with y .degree = i. Of course, in order to allocate the a^ra^ we have to know how 
to calculate the upper bound D(H. n) on the maximum degpite, but we will see how 
to do so in Section 19.4. 
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Consolidate (H) 



1 let A [0 ..D(H.n)] be a new array 

\S>2> fori = 0 to D(H.n) 

*P A[i] = NIL 
4C^Foj each node if in the root list of H 

5 O x = w 

6 = x. degree 

7 (^Jiile A[d] ± nil 

8 v'Sy = ^4[<i] // another node with the same degree as x 

9 \&x.key > y .key 

10 ^^kexchange x with y 

11 Fi^Heap-Link(//,j,x) 

12 ^[cfp^lL 

13 d = ch+J? 

14 = x X x 

15 H.min = NIL v » 

16 for / = 0toD(^.n)V*v 

17 ft A[i]^ NIL O 

18 if H.min == NIL 

19 create a root lis* foj>// containing just A[i] 

20 ff.min = /![/] O * 

21 else insert A[i] into H'&goot list 

22 if A[i].key < H.min.@t 

23 H.min = A[i] Q 

Fib -Heap-Link (H, y,x) 

1 remove y from the root list of H Q 

2 make j a child of x, incrementing x. degree ^\ 

3 y.mark = FALSE 



In detail, the CONSOLIDATE procedure works as follows. Lines 1-3 allocate 
and initialize the array A by making each entry NIL. The-ror loop of lines 4-14 
processes each root w in the root list. As we link roots together, if may be linked 
to some other node and no longer be a root. Nevertheless, w is always in a tree 
rooted at some node x, which may or may not be id itself. Because we want at 
most one root with each degree, we look in the array A to see whether it contains 
a root y with the same degree as x. If it does, then we link the roots x and y but 
guaranteeing that x remains a root after linking. That is, we link y to x after first 
exchanging the pointers to the two roots if y 's key is smaller than x 's key. After 
we link y to x, the degree of x has increased by 1, and so we continue this process, 
linking x and another root whose degree equals x's new degree, until no other root 
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that we have processed has the same degree as x. We then set the appropriate entry 
of A to point to x, so that as we process roots later on, we have recorded that x is 
\§\ the unique root of its degree that we have already processed. When this for loop 
v^rarminates, at most one root of each degree will remain, and the array A will point 
to^jach remaining root. 

T-tre while loop of lines 7-13 repeatedly links the root x of the tree containing 
node/Sfr\to another tree whose root has the same degree as x, until no other root has 
the sarn^degree. This while loop maintains the following invariant: 

At the<^rt of each iteration of the while loop, d = x. degree. 

We use thisM^op invariant as follows: 

Initialization: *Line 6 ensures that the loop invariant holds the first time we enter 
the loop. 

Maintenance: In each'iteration of the while loop, A[d] points to some root y. 
Because d = x.aea^e = y. degree, we want to link x and y. Whichever of 
x and y has the smallg* key becomes the parent of the other as a result of the 
link operation, and so fln£§ 9-10 exchange the pointers to x and y if necessary. 
Next, we link y to x by the call Fib-Heap-Link (H, y, x) in line 11. This 
call increments x. degree buY leaves y .degree as d. Node y is no longer a root, 
and so line 12 removes the pointer to it in array A. Because the call of FlB- 
Heap-Link increments the value of x. degree, line 13 restores the invariant 
that d — x. degree. \ 

Termination: We repeat the while loo^until A[d] = NIL, in which case there is 
no other root with the same degree aV?£?~ 

After the while loop terminates, we set ^4[^6j x in line 14 and perform the next 
iteration of the for loop. q 

Figures 19.4(c)-(e) show the array A and the reciting trees after the first three 
iterations of the for loop of lines 4-14. In the next iteration of the for loop, three 
links occur; their results are shown in Figures 19.4(f}-(hl Figures 19.4(i)-(l) show 
the result of the next four iterations of the for loop. ^- ^ 

All that remains is to clean up. Once the for loop Whines 4-14 completes, 
line 15 empties the root list, and lines 16-23 reconstruct it^f?om the array A. The 
resulting Fibonacci heap appears in Figure 19.4(m). After consolidating the root 
list, Fib-Heap-Extract-Min finishes up by decrementing H.n in line 11 and 
returning a pointer to the deleted node z in line 12. 

We are now ready to show that the amortized cost of extracting the minimum 
node of an n-node Fibonacci heap is 0(D(n)). Let H denote the Fibonacci heap 
just prior to the Fib-Heap-Extract-Min operation. 

We start by accounting for the actual cost of extracting the minimum node. 
An 0(D(n)) contribution comes from Fib-Heap-Extract-Min processing at 
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most D{n) children of the minimum node and from the work in lines 2-3 and 
, 16-23 of Consolidate. It remains to analyze the contribution from the for loop 
^6f lines 4-14 in CONSOLIDATE, for which we use an aggregate analysis. The size 
•errahe root list upon calling CONSOLIDATE is at most D(n) + t(H) — 1, since it 
comfats of the original t(H) root-list nodes, minus the extracted root node, plus 
the qhftdren of the extracted node, which number at most D(n). Within a given 
iteratiofrof the for loop of lines 4-14, the number of iterations of the while loop of 
lines 7-13nslepends on the root list. But we know that every time through the while 
loop, one TEjfJthe roots is linked to another, and thus the total number of iterations 
of the whiUMoop over all iterations of the for loop is at most the number of roots 
in the root Usr Hence, the total amount of work performed in the for loop is at 
most proportionar to D(n) + t(H). Thus, the total actual work in extracting the 
minimum node is v(D(n) + t(H)). 

The potential before extracting the minimum node is t(H) + 2m(H), and the 
potential afterward is almost (D(n) + 1) + 2m(H), since at most D(n) + 1 roots 
remain and no nodes became marked during the operation. The amortized cost is 
thus at most <S> 

0(D(n) + t(H)) + ((D(n) Ca+ 2m(H)) - (t(H) + 2m(H)) 
= 0(D(n)) + 0(t(m)-t(H) 
= 0(D(n)), ^5 



since we can scale up the units of potential to dominate the constant hidden 
in 0(t{H)). Intuitively, the cost of performing each link is paid for by the re- 
duction in potential due to the link's reduoiljgthe number of roots by one. We shall 
see in Section 19.4 that D(n) = 0(lg«), so^inat the amortized cost of extracting 
the minimum node is 0(lg ri). 

o 

Exercises v 
19.2-1 * Q 

Show the Fibonacci heap that results from calling FlB-IMfyP-EXTRACT-MlN on 
the Fibonacci heap shown in Figure 19.4(m). 



19.3 Decreasing a key and deleting a node 

In this section, we show how to decrease the key of a node in a Fibonacci heap 
in 0(1) amortized time and how to delete any node from an n-node Fibonacci 
heap in 0(D(n)) amortized time. In Section 19.4, we will show that the maxi- 
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mum degree D{n) is O(lgn), which will imply that Fib-Heap-Extract-Min 
and Fib-Heap-Delete run in O(lgn) amortized time. 

'^Decreasing a key 

following pseudocode for the operation Fib-Heap-Decrease-Key, we 
assurae, as before that removing a node from a linked list does not change any of 
the struj^ural attributes in the removed node. 

Fib-Hea^Decrease-Key(//, x, k) 

1 if k > x\£ey 

2 error x ^Hew key is greater than current key" 

3 x.key = k 

4 y = x.p ^ 

5 if y ^ NIL and x^tey < y . key 

6 Cm(H,x,y)^ 

1 Cascading-Ct^//, y) 

8 if x.key < H.min.key ^ 

9 H.min = x Q 

C\JT(H,x,y) • 2 

1 remove x from the child list ory, decrementing y . degree 

2 add x to the root list of H n _ 

3 X.p = NIL 

4 x.mark = FALSE 

Cascading-Cut(//, y) 

1 z = y.p O 

2 ifz^NIL 

3 if y.mark == FALSE . 

4 y.mark = TRUE 

5 else Cut (H,y,z) Q 

6 Cascading-Cut z) 

The Fib -Heap-Decrease-Key procedure works as follows. Lines 1-3 ensure 
that the new key is no greater than the current key of x and then assign the new key 
to x. If x is a root or if x.key > y.key, where y is x's parent, then no structural 
changes need occur, since min-heap order has not been violated. Lines 4-5 test for 
this condition. 

If min-heap order has been violated, many changes may occur. We start by 
cutting x in line 6. The Cut procedure "cuts" the link between x and its parent y, 
making x a root. 
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We use the mark attributes to obtain the desired time bounds. They record a little 
piece of the history of each node. Suppose that the following events have happened 
\^Xt node x: 

tr at some time, x was a root, 

2. tfydj x was linked to (made the child of) another node, 

3. thei(S)vo children of x were removed by cuts. 



As soon as the second child has been lost, we cut x from its parent, making it a new 
root. The atmhute x . mark is TRUE if steps 1 and 2 have occurred and one child 
of x has beenvuk The Cut procedure, therefore, clears x.mark in line 4, since it 
performs step l.v(We can now see why line 3 of Fib-Heap-Link clears y.mark: 
node y is being linWecLto another node, and so step 2 is being performed. The next 
time a child of y is dot, y t mark will be set to TRUE.) 

We are not yet doneYoecause x might be the second child cut from its parent y 
since the time that y wa\linked to another node. Therefore, line 7 of Fib-Heap- 
Decrease-Key attempts<ta> perform a cascading-cut operation on y. If y is a 
root, then the test in line 2 of (^SCADING-CUT causes the procedure to just return. 
If y is unmarked, the procedure^arks it in line 4, since its first child has just been 
cut, and returns. If y is marked, hpwever, it has just lost its second child; y is cut 
in line 5, and Cascading-Cut ca(tf5) itself recursively in line 6 on y's parent z- 
The Cascading-Cut procedure recurs its way up the tree until it finds either a 
root or an unmarked node. Q 

Once all the cascading cuts have occurradylines 8-9 of Fib-Heap-Decrease- 
Key finish up by updating H. min if neceksarvs The only node whose key changed 
was the node x whose key decreased. Thus,Nng>new minimum node is either the 
original minimum node or node x. ^ 

Figure 19.5 shows the execution of two calls Wj^ib-Heap-Decrease-Key, 
starting with the Fibonacci heap shown in Figure \9.5(a). The first call, shown 
in Figure 19.5(b), involves no cascading cuts. The'second call, shown in Fig- 
ures 19.5(c)-(e), invokes two cascading cuts. v 

We shall now show that the amortized cost of Fib-Hf^aXdecrease-Key is 
only 0(1). We start by determining its actual cost. The FiK>HEAP-DECREASE- 
Key procedure takes 0(1) time, plus the time to perform the cascading cuts. Sup- 
pose that a given invocation of Fib-Heap-Decrease-Key results in c calls of 
Cascading-Cut (the call made from line 7 of Fib-Heap-Decrease-Key fol- 
lowed by c — 1 recursive calls of Cascading-Cut). Each call of Cascading- 
Cut takes 0(1) time exclusive of recursive calls. Thus, the actual cost of FlB- 
Heap-Decrease-Key, including all recursive calls, is 0(c). 

We next compute the change in potential. Let H denote the Fibonacci heap just 
prior to the Fib-Heap-Decrease-Key operation. The call to Cut in line 6 of 
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Figure 19.5 Two calls of FlB-HEAP-DEOpEASE-KEY. (a) The initial Fibonacci heap, (b) The 
node with key 46 has its key decreased to 15. "^hg)node becomes a root, and its parent (with key 24), 
which had previously been unmarked, becomes ^Sa^ced. (c)-(e) The node with key 35 has its key 
decreased to 5. In part (c), the node, now witrrTcejr^, becomes a root. Its parent, with key 26, 
is marked, so a cascading cut occurs. The node wwhjrey 26 is cut from its parent and made an 
unmarked root in (d). Another cascading cut occurs,Xskifie the node with key 24 is marked as well. 
This node is cut from its parent and made an unmarked^)bt in part (e). The cascading cuts stop 
at this point, since the node with key 7 is a root. (Even if 1>r&node were not a root, the cascading 



cuts would stop, since it is unmarked.) Part (e) shows the result of the FlB-HEAP-DECREASE-KEY 
operation, with H.min pointing to the new minimum node. * 

Fib-Heap-Decrease-Key creates a new tree rooted^Mjmde x and clears x's 
mark bit (which may have already been FALSE). Each calkof Cascading-Cut, 
except for the last one, cuts a marked node and clears the mark bit. Afterward, the 
Fibonacci heap contains t(H)+c trees (the original t(H) trees, c— 1 trees produced 
by cascading cuts, and the tree rooted at x) and at most m(H)—c + 2 marked nodes 
(c — 1 were unmarked by cascading cuts and the last call of C ASCADING-CUT may 
have marked a node). The change in potential is therefore at most 



((t(H) + c) + 2(m(H) - c + 2)) - (t(H) + 2m(H)) = 4-c 
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Thus, the amortized cost of Fib-Heap-Decrease-Key is at most 
^(c) + 4-c = 0(1), 



nice we can scale up the units of potential to dominate the constant hidden in 0(c). 

an now see why we defined the potential function to include a term that is 
twicgjjie number of marked nodes. When a marked node y is cut by a cascading 
cut, its (K^rk bit is cleared, which reduces the potential by 2. One unit of potential 
pays for |S§ cut and the clearing of the mark bit, and the other unit compensates 
for the unityifrcrease in potential due to node y becoming a root. 

Y 

Deleting a node^) 



The following pseudocode deletes a node from an rc-node Fibonacci heap in 
0(D(n)) amortized Hime, We assume that there is no key value of — oo currently 
in the Fibonacci heap. \ y, 

Fib-Heap-Delete (H, x%^> 

1 Fib-Heap-Decrease-J^eyX?/, x,— oo) 

2 FlB-HEAP-EXTRACT-MlNy*) 

Fib -Heap-Delete makes x becof^the minimum node in the Fibonacci heap by 
giving it a uniquely small key of — ooyThe Fib-Heap-Extract-Min procedure 
then removes node x from the Fibonacc£B)sap. The amortized time of Fib -Heap- 
Delete is the sum of the 0(1) amortizeff)tjme of Fib-Heap-Decrease-Key 
and the 0(D(n)) amortized time of Fib-He^i^Extract-Min. Since we shall see 
in Section 19.4 that D(n) = 0(lg«), the anif^zed time of Fib-Heap-Delete 
is 0(lgn). r\ 

Exercises 

19.3-1 0_ 

Suppose that a root x in a Fibonacci heap is marked. Explain how x came to be 
a marked root. Argue that it doesn't matter to the analysis ti^tl x is marked, even 
though it is not a root that was first linked to another node and then lost one child. 

19.3-2 

Justify the 0(1) amortized time of Fib-Heap-Decrease-Key as an average cost 
per operation by using aggregate analysis. 
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-h. 

19.4 Bounding the maximum degree 

prove that the amortized time of Fib-Heap-Extract-Min and Fib-Heap- 
^TE is 0(lg«), we must show that the upper bound D(n) on the degree of 
any'nbde of an /i-node Fibonacci heap is O(lgn). In particular, we shall show that 
D(n)^ \}og^, n \ ' w here 0 is the golden ratio, defined in equation (3.24) as 




5)/2 = 1.61803... . 

The key t^fme analysis is as follows. For each node x within a Fibonacci heap, 
define size(xX0be the number of nodes, including x itself, in the subtree rooted 
at x. (Note fhatt^eed not be in the root list— it can be any node at all.) We shall 
show that size(x) ^exponential in x. degree. Bear in mind that x. degree is always 
maintained as an acou&Tte count of the degree of x. 

Lemma 19.1 S ' 

Let x be any node in a Fvb\$nacci heap, and suppose that x. degree = k. Let 
yi, y%, . . . , yk denote the children of x in the order in which they were linked to x, 
from the earliest to the latest^ Then, yy. degree > 0 and y,-. degree > i —2 for 

'-6 

Proof Obviously, y i. degree > 0. \ 

For i > 2, we note that when y, linked to x, all of y u y 2 , . . . , yt-i were 
children of x, and so we must have had^; degree > i — 1. Because node y, is 
linked to x (by CONSOLIDATE) only if x.V$}gree = y,-. degree, we must have also 
had y t . degree > i — 1 at that time. SinsjfQien, node y, has lost at most one 
child, since it would have been cut from x (bQ^ASCADlNG-CuT) if it had lost 
two children. We conclude that y, . degree > i — 2^ ■ 

We finally come to the part of the analysis that explains the name "Fibonacci 
heaps." Recall from Section 3.2 that for Jc = 0, 1, 2, . . r,Jthe kth Fibonacci number 
is defined by the recurrence 



F t = 



0 if k = 0 

1 if k = 1 



The following lemma gives another way to express Fk ■ 
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Lemma 19.2 

For all integers k > 0, 

Proof ($)he proof is by induction on /c. When k = 0, 
o 

l + ^^V^l + Fo 

i=0 \ > 

= _ 

We now assume th^ih'ductive hypothesis that Fk+i = 1 + Yli=o Fh an( ^ we 
have 

Fk+2 = Fk + Fk+i 

i=0 / • > 

/=o O 
Lemma 19.3 X$ V. 

For all integers A: > 0, the (/: + 2)nd Fibonac<^Co«mber satisfies F fc+2 > (p k . 

Proof The proof is by induction on k. The base qases are for k = 0 and fe = 1. 
When k = 0 we have F 2 = 1 = </>°, and when k^ = 1 we have F 3 = 2 > 
1.619 > 0 1 . The inductive step is for k > 2, and we qjSSyme that i 7 (+2 > 0' for 
z = 0, 1, . . . , k— 1. Recall that 0 is the positive root of equation (3.23), x 2 = x + l. 
Thus, we have 

Fk+2 = Fk+i + Fk 

> </> fc_1 + </> fc ~ 2 (by the inductive hypothesis) 

= 0"~ 2 (0+l) 

= (j) k - 2 ■ </> 2 (by equation (3.23)) 



F k + I 1 + 



The following lemma and its corollary complete the analysis. 
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Lemma 19.4 

Let x be any node in a Fibonacci heap, and let k = x. degree. Then size(x) > 
■Jk+i > <p k , where 0 = (1 + V5)/2. 

Ifrfiof Let Sk denote the minimum possible size of any node of degree k in any 
FrQ0«acci heap. Trivially, s 0 = 1 and S\ = 2. The number Sk is at most size(A") 
and^pecause adding children to a node cannot decrease the node's size, the value 
of Sk rneseases monotonically with k. Consider some node z, in any Fibonacci 
heap, sucpilhat z.degree = k and size(z) = Sk- Because Sk < size(x), we 
compute aAfmer bound on size(x) by computing a lower bound on Sk- As in 
Lemma 19.Xjei Ji, yi, ■ ■ ■ ,yk denote the children of z in the order in which they 
were linked to %r. To bound Sk, we count one for z itself and one for the first child y x 
(for which size(5i$}^ 1), giving 

size(x) > Sk y>* 

V 



= 2 



> 



2 +E s - 

'•6 

where the last line follows from Lerma^a 19.1 (so that y,. degree > i — 2) and the 
monotonicity of Sk (so that s yi-degree >/*7V2)- 

We now show by induction on k thaV#e\> Fk+2 for all nonnegative integers k. 
The bases, for k = 0 and k = 1, are tri^mLfor the inductive step, we assume that 
k > 2 and that s t > F i+2 for i = 0, 1, . . . , r>U. We have 



> 



> 



* o 

2 + J2 s i-2 



=2 



2+E« ° 0 



=2 



> + E f < 



= Fk+2 (by Lemma 19.2) 

> (p k (by Lemma 19.3) . 

Thus, we have shown that size(x) > Sk > Fk+2 — 4> k 
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Corollary 19.5 

, The maximum degree D(n) of any node in an «-node Fibonacci heap is 0(lg «). 

^Enhof Let x be any node in an n-node Fibonacci heap, and let k = x, degree. 
By Lemma 19.4, we have n > size(x) > <f> k . Taking base-</> logarithms gives 
us \ 5? log^w. (In fact, because k is an integer, k < [log^wj.) The maximum 
degree-^(tt) of any node is thus 0(lg n ). m 

Exercises^^ 
19.4-1 y>' 

Professor Pinoccljjo claims that the height of an /j-node Fibonacci heap is 0(lg n). 
Show that the pressor is mistaken by exhibiting, for any positive integer n, a 
sequence of Fibonaqe&heap operations that creates a Fibonacci heap consisting of 
just one tree that is a linear chain of n nodes. 



4 5 



Suppose we generalize theNcascading-cut rule to cut a node x from its parent as 
soon as it loses its ktb. child, reir some integer constant k. (The rule in Section 19.3 
uses k = 2.) For what values ofcjris D(n) = O(lgn)? 



Problems 



o 

19-1 Alternative implementation of deletiqf^). 

Professor Pisano has proposed the following^^iant of the Fib-Heap-Delete 
procedure, claiming that it runs faster when the ii^Tdp being deleted is not the node 
pointed to by H. min. ^\ 



Pisano-Delete (H, x) 

1 if x == H.min 

2 Fib-Heap-Extract-Min(//) 

3 else y = x.p 

4 if y ^ NIL 

5 Cut(//,x,j) 

6 Cascading-Cut (H, y) 

7 add x 's child list to the root list of H 

8 remove x from the root list of H 
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The professor's claim that this procedure runs faster is based partly on the as- 
sumption that line 7 can be performed in 0(1) actual time. What is wrong with 
\§\ this assumption? 

.Give a good upper bound on the actual time of Pisano-Delete when x is 
adt H.min. Your bound should be in terms of x. degree and the number c of 
sffe to the Cascading-Cut procedure. 




c. SuppMe that we call Pisano-Delete (H, x), and let H' be the Fibonacci heap 
that ref$wts v Assuming that node x is not a root, bound the potential of H' in 
terms of^. degree, c, t(H), and m(H). 

d. Conclude 'm^the amortized time for Pisano-Delete is asymptotically no 
better than for PtB-Heap-Delete, even when x ^ H.min. 

19-2 Binomial trees and binomial heaps 

The binomial tree isAn ordered tree (see Section B.5.2) defined recursively. 
As shown in Figure 19.6(a^he binomial tree B 0 consists of a single node. The 
binomial tree B^ consists of /t^jp binomial trees Bk-i that are linked together so 
that the root of one is the leftmost child of the root of the other. Figure 19.6(b) 
shows the binomial trees B 0 throu^ B 4 . 

a. Show that for the binomial tree B^ 

1. there are 2 k nodes, 

2. the height of the tree is k, ^\ 

3. there are exactly nodes at depth i = 0, 1, . . . , k, and 

4. the root has degree k, which is greater th£^)hat of any other node; moreover, 
as Figure 19.6(c) shows, if we number fhe(^mldren of the root from left to 
right by k — 1, k — 2, . . . , 0, then child i is thg root of a subtree 6, . 

A binomial heap H is a set of binomial trees that satisfies the following proper- 
ties: ^ 

1. Each node has a key (like a Fibonacci heap). 

2. Each binomial tree in H obeys the min-heap property. 

3. For any nonnegative integer k, there is at most one binomial tree in H whose 
root has degree k. 

b. Suppose that a binomial heap H has a total of n nodes. Discuss the relationship 
between the binomial trees that H contains and the binary representation of n. 
Conclude that H consists of at most [lg n\ + 1 binomial trees. 
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Figure 19.6 (a) The recursive definition of the b 
trees, (b) The binomial trees Bo through B4. Node 
looking at the binomial tree B^. 



tree B^ . Triangles represent rooted sub- 
s in B4 are shown, (c) Another way of 



o 



Suppose that we represent a binomial heap as Allows. The left-child, right- 
sibling scheme of Section 10.4 represents each binomial tree within a binomial 
heap. Each node contains its key; pointers to its parenvtb its leftmost child, and 
to the sibling immediately to its right (these pointers are when appropriate); 
and its degree (as in Fibonacci heaps, how many children itTt&pi). The roots form a 
singly linked root list, ordered by the degrees of the roots (from low to high), and 
we access the binomial heap by a pointer to the first node on the root list. 

c. Complete the description of how to represent a binomial heap (i.e., name the 
attributes, describe when attributes have the value NIL, and define how the root 
list is organized), and show how to implement the same seven operations on 
binomial heaps as this chapter implemented on Fibonacci heaps. Each opera- 
tion should run in 0(lgn) worst-case time, where n is the number of nodes in 
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the binomial heap (or in the case of the UNION operation, in the two binomial 
heaps that are being united). The Make-Heap operation should take constant 
time. 

V 

v rf^vSuppose that we were to implement only the mergeable-heap operations on a 
^Fibonacci heap (i.e., we do not implement the Decrease-Key or Delete op- 
erations). How would the trees in a Fibonacci heap resemble those in a binomial 
heafri. How would they differ? Show that the maximum degree in an n-node 
Fibomjrci heap would be at most |_lg n\ . 

e. Professdi^IcGee has devised a new data structure based on Fibonacci heaps. 
A McGee'^ap has the same structure as a Fibonacci heap and supports just 
the mergeabK^heap operations. The implementations of the operations are the 
same as for Fibonacci heaps, except that insertion and union consolidate the 
root list as their las^'step. What are the worst-case running times of operations 
on McGee heaps? <\ 

19-3 More Fibonacci-heefjrvperations 

We wish to augment a Fibon^i heap H to support two new operations without 
changing the amortized running # time of any other Fibonacci-heap operations. 

a. The operation Fib-Heap-Cha^ge>-Key(//, x, k) changes the key of node x 
to the value k. Give an efficient implementation of Fib-Heap-Change-Key, 
and analyze the amortized runningWne of your implementation for the cases 
in which k is greater than, less than,\Qf^ual to x . key. 

b. Give an efficient implementation of Fi^(^EAP-Prune(//, r), which deletes 
q = min(r, H.n) nodes from H . You may i@)ose any q nodes to delete. Ana- 
lyze the amortized running time of your imple^fnentation. {Hint: You may need 
to modify the data structure and potential functiqn.) 

19-4 2-3-4 heaps Q 

Chapter 18 introduced the 2-3-4 tree, in which every interK^node (other than pos- 
sibly the root) has two, three, or four children and all leaves nave the same depth. In 
this problem, we shall implement 2-3-4 heaps, which support the mergeable-heap 
operations. 

The 2-3-4 heaps differ from 2-3-4 trees in the following ways. In 2-3-4 heaps, 
only leaves store keys, and each leaf x stores exactly one key in the attribute x.key. 
The keys in the leaves may appeal - in any order. Each internal node x contains 
a value x . small that is equal to the smallest key stored in any leaf in the subtree 
rooted at x. The root r contains an attribute r. height that gives the height of the 
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X 

tree. Finally, 2-3-4 heaps are designed to be kept in main memory, so that disk 
. reads and writes are not needed. 
^\ Implement the following 2-3-4 heap operations. In parts (a)-(e), each operation 
«fK)uld run in 0(lg n) time on a 2-3-4 heap with n elements. The UNION operation 
in p&ft (f) should run in 0(lg n) time, where n is the number of elements in the two 




aps. 

a. Min^j^m, which returns a pointer to the leaf with the smallest key. 

b. Decre -Key, which decreases the key of a given leaf x to a given value 
k < x.ke^' 

c. Insert, which inserts leaf x with key k. 

6 

d. Delete, which oekjes a given leaf x. 

e. Extract-Min, whic^Lctracts the leaf with the smallest key. 

/. Union, which unites tw«£2-3-4 heaps, returning a single 2-3-4 heap and de- 
stroying the input heaps. 

^ 

Chapter notes 

o 

Fredman and Tarjan [114] introduced Fiho^ikci heaps. Their paper also describes 
the application of Fibonacci heaps to the probjikns of single-source shortest paths, 
all-pairs shortest paths, weighted bipartite m^6)ng, and the minimum-spanning- 
tree problem. Q 

Subsequently, Driscoll, Gabow, Shrairman, and ^aSjan [96] developed "relaxed 
heaps" as an alternative to Fibonacci heaps. They Revised two varieties of re- 
laxed heaps. One gives the same amortized time bound^T^s Fibonacci heaps. The 
other allows Decrease-Key to run in 0(1) worst-case (^t amortized) time and 
Extract-Min and Delete to run in 0(lgn) worst-case^^ime. Relaxed heaps 
also have some advantages over Fibonacci heaps in parallel algorithms. 

See also the chapter notes for Chapter 6 for other data structures that support fast 
Decrease-Key operations when the sequence of values returned by Extract- 
Min calls are monotonically increasing over time and the data are integers in a 
specific range. 
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In previous chantey, we saw data structures that support the operations of a priority 
queue— binary heaj2$ in Chapter 6, red-black trees in Chapter 13, 1 and Fibonacci 
heaps in Chapter 19. In each of these data structures, at least one important op- 
eration took 0(lg«)\ira^, either worst case or amortized. In fact, because each 
of these data structuresH)a>es its decisions on comparing keys, the Q(n Ign) lower 
bound for sorting in SecWjv8.1 tells us that at least one operation will have to 
take £2(lg n) time. Why? If Vexould perform both the INSERT and Extract-Min 
operations in <?(lg«) time, theffAve could sort n keys in o(n lg/i) time by first per- 
forming n Insert operations, fallowed by n Extract-Min operations. 

We saw in Chapter 8, however^©at sometimes we can exploit additional infor- 
mation about the keys to sort in o(^(gn) time. In particular, with counting sort 
we can sort n keys, each an integer in@e range 0 to k, in time 0(n + k), which 
is 0(«) when k = 0(n). Qs 

Since we can circumvent the Q(n lg wjlo^jbr bound for sorting when the keys are 
integers in a bounded range, you might wond^f^hether we can perform each of the 
priority-queue operations in o(lgn) time in a s^^lar scenario. In this chapter, we 
shall see that we can: van Emde Boas trees suppo^the priority-queue operations, 
and a few others, each in 0(lglg«) worst-case time. The hitch is that the keys 
must be integers in the range 0 to n — 1 , with no duplicates allowed. 

Specifically, van Emde Boas trees support each ofNbevdynamic set operations 
listed on page 230— Search, Insert, Delete, Mine^W, Maximum, Suc- 
cessor, and Predecessor— in O(lglgra) time. In fhis^chapter, we will omit 
discussion of satellite data and focus only on storing keys. Because we concentrate 
on keys and disallow duplicate keys to be stored, instead of describing the Search 



Chapter 13 does not explicitly discuss how to implement EXTRACT-MlN and DECREASE-KEY,but 
we can easily build these operations for any data structure that supports MINIMUM, DELETE, and 
Insert. 
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operation, we will implement the simpler operation Member(S\ x), which returns 
, a boolean indicating whether the value x is currently in dynamic set S. 

So far, we have used the parameter n for two distinct purposes: the number of 
•elements in the dynamic set, and the range of the possible values. To avoid any 
furtfer confusion, from here on we will use n to denote the number of elements 
currs^my in the set and u as the range of possible values, so that each van Emde 

Boas um& operation runs in O (lg lg u ) time. We call the set {0, 1 , 2 u — 1} 

the universe of values that can be stored and u the universe size. We assume 
throughout this chapter that u is an exact power of 2, i.e., u = 2 k for some integer 
k>\. <\. 

Section 20/fstarts us out by examining some simple approaches that will get 
us going in the -right direction. We enhance these approaches in Section 20.2, 
introducing proto VanEmde Boas structures, which are recursive but do not achieve 
our goal of 0{\g lg i$-time operations. Section 20.3 modifies proto van Emde Boas 
structures to develop $#n Emde Boas trees, and it shows how to implement each 
operation in 0(lg lg u) tiipeL 

\ 

20.1 Preliminary approaches Qv 

In this section, we shall examine v<uious approaches for storing a dynamic set. 
Although none will achieve the 0(lg l^w)time bounds that we desire, we will gain 
insights that will help us understand vaixEmde Boas trees when we see them later 
in this chapter. 

^\ 

Direct addressing <aD 

c> 

Direct addressing, as we saw in Section 11.1, provides the simplest approach to 
storing a dynamic set. Since in this chapter we are concerned only with storing 
keys, we can simplify the direct-addressing approach tO/«tore the dynamic set as a 
bit vector, as discussed in Exercise 11.1-2. To store a dynamic set of values from 
the universe {0, 1, 2, . . . , u — 1}, we maintain an array A[b~^M — 1] of u bits. The 
entry A [x] holds a 1 if the value x is in the dynamic set, and ftfiolds a 0 otherwise. 
Although we can perform each of the Insert, Delete, and Member operations 
in 0(1) time with a bit vector, the remaining operations— Minimum, Maximum, 
Successor, and Predecessor— each take @(u) time in the worst case because 
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Figure 20.1 A birraryvtree of bits superimposed on top of a bit vector representing the set 
{2, 3, 4, 5. 7, 14, 15} when = 16. Each internal node contains a 1 if and only if some leaf in 
its subtree contains a 1 . arrows show the path followed to determine the predecessor of 14 in the 
set. ^\ 



we might have to scan throu^fi 0(m) elements. 2 For example, if a set contains only 
the values 0 and u — 1, then^ find the successor of 0, we would have to scan 
entries 1 through u — 2 before finding a 1 in A [u — 1]. 

Superimposing a binary tree structure 

We can short-cut long scans in the bit v«^tor by superimposing a binary tree of bits 
on top of it. Figure 20.1 shows an example? The entries of the bit vector form the 
leaves of the binary tree, and each internal ^She contains a 1 if and only if any leaf 
in its subtree contains a 1. In other words, tJreJ)it stored in an internal node is the 
logical-or of its two children. O v 

The operations that took 0(w) worst-case time ^mi an unadorned bit vector now 
use the tree structure: « 

• To find the minimum value in the set, start at theQe 
the leaves, always taking the leftmost node containin 



. and head down toward 



To find the maximum value in the set, start at the root and head down toward 
the leaves, always taking the rightmost node containing a 1. 



2 We assume throughout this chapter that MINIMUM and MAXIMUM return NIL if the dynamic set 
is empty and that SUCCESSOR and PREDECESSOR return NIL if the element they are given has no 
successor or predecessor, respectively. 
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• To find the successor of x, start at the leaf indexed by x, and head up toward the 
root until we enter a node from the left and this node has a 1 in its right child z. 
Then head down through node z, always taking the leftmost node containing 

\^ja 1 (i.e., find the minimum value in the subtree rooted at the right child z). 

ind the predecessor of x, start at the leaf indexed by x, and head up toward 
tKjproot until we enter a node from the right and this node has a 1 in its left 
chil^fe. Then head down through node z, always taking the rightmost node 
contai(r§)ig a 1 (i.e., find the maximum value in the subtree rooted at the left 
child zYp 

Figure 20.1 the path taken to find the predecessor, 7, of the value 14. 

We also augmenLthe Insert and Delete operations appropriately. When in- 
serting a value, w&-sreure a 1 in each node on the simple path from the appropriate 
leaf up to the root. When, deleting a value, we go from the appropriate leaf up to 
the root, recomputing t in each internal node on the path as the logical-or of 
its two children. \ 

Since the height of the (ijpfe is lg u and each of the above operations makes at 
most one pass up the tree and(af most one pass down, each operation takes 0(lg u) 
time in the worst case. 

This approach is only marginal^ better than just using a red-black tree. We can 
still perform the Member operatiorfjn 0(1) time, whereas searching a red-black 
tree takes 0(\gn) time. Then again, ^pthe number n of elements stored is much 
smaller than the size u of the universe, ^Ted-black tree would be faster for all the 
other operations. r~\ 

% 

Superimposing a tree of constant height ,VS 

What happens if we superimpose a tree with gre^at^degree? Let us assume that 
the size of the universe is u = 2 2k for some integer k, so that *Ju is an integer. 
Instead of superimposing a binary tree on top of the tot vector, we superimpose a 
tree of degree ^/u. Figure 20.2(a) shows such a tree fd^the same bit vector as in 
Figure 20.1. The height of the resulting tree is always 2. O 

As before, each internal node stores the logical-or of flfejb its within its sub- 
tree, so that the «Ju internal nodes at depth 1 summarize each group of s/u val- 
ues. As Figure 20.2(b) demonstrates, we can think of these nodes as an array 
summary[0 . . *Ju — 1], where summary[i] contains a 1 if and only if the subar- 
ray A[i «Ju . . (i + X)^fu — 1] contains a 1. We call this Vw-tut subarray of A 
the z'th cluster. For a given value of x, the bit A[x] appears in cluster num- 
ber [x/y/u\. Now Insert becomes an 0(l)-time operation: to insert x, set 
both A[x] and summary\\_x j VwJ] to 1. We can use the summary array to perform 
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Figure 20.$*\sd A tree of degree v'" superimposed on top of the same bit vector as in Figure 20. 1. 
Each internal 'hjxle stores the logical-or of the bits in its subtree, (b) A view of the same structure, 
but with the inteflfiaj) nodes at depth 1 treated as an array summary[0 . . */u — 1], where summary[i] is 
the logical-or of the^ sftb, array A[i ,/u . . (i + 1) a/w — 1]. 

each of the operatioi^tf inimum, Maximum, Successor, Predecessor, and 
Delete in O(yfu) tirr^ 

• To find the minimum imum) value, find the leftmost (rightmost) entry in 
summary that contains as. 1 .say summary[i], and then do a linear search within 
the ith cluster for the leftmost (rightmost) 1. 

• To find the successor (predecessor) of x, first search to the right (left) within its 
cluster. If we find a 1 , that posirrongives the result. Otherwise, let i = \_x/ -Ju J 
and search to the right (left) witmnJhe summary array from index i . The first 
position that holds a 1 gives the inde&nf a cluster. Search within that cluster 
for the leftmost (rightmost) 1. That position holds the successor (predecessor). 

• To delete the value x, let i = \_xj ^/u\\rS^.A[x] to 0 and then set summary [i] 
to the logical-or of the bits in the ith cluster^ 

In each of the above operations, we search throug most two clusters of *Ju bits 
plus the summary array, and so each operation takes, 0{^fu) time. 

At first glance, it seems as though we have made negative progress. Superimpos- 
ing a binary tree gave us 0(lgw)-time operations, whicljfj^re asymptotically faster 
than 0( yfu) time. Using a tree of degree y/u will turn our% be a key idea of van 
Emde Boas trees, however. We continue down this path in me next section. 



Exercises 



20.1-1 

Modify the data structures in this section to support duplicate keys. 
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^> 20.1-2 

, Modify the data structures in this section to support keys that have associated satel- 
lite data. 



that, using the structures in this section, the way we find the successor and 
predeee&sor of a value x does not depend on whether x is in the set at the time. 
Show frewLlo find the successor of x in a binary search tree when x is not stored in 
the tree. > 
^? 

20.1-4 y>* 

Suppose that ingf^ad of superimposing a tree of degree y/u, we were to superim- 
pose a tree of deg^e^w 1 ^, where k > 1 is a constant. What would be the height of 
such a tree, and how^ong would each of the operations take? 

% 



20.2 A recursive structure 



In this section, we modify the idea of superimposing a tree of degree y/u on top of 
a bit vector. In the previous section, wfe used a summary structure of size y/u, with 
each entiy pointing to another stuckire of size y/u. Now, we make the structure 
recursive, shrinking the universe size "h(y the square root at each level of recursion. 
Starting with a universe of size u, we irfi)e structures holding y/u = u 1/2 items, 
which themselves hold structures of u 1 ^ 4 i^^s, which hold structures of u 1 ^ items, 
and so on, down to a base size of 2. 

For simplicity, in this section, we assume ^r(af)M = 2 2 * for some integer k, so 
that u, u 1 ' 2 , u X I A , . . . are integers. This restriction (w)mld be quite severe in practice, 
allowing only values of u in the sequence 2,4,16,^6, 65536, .... We shall see in 
the next section how to relax this assumption and assume only that u = 2 k for 
some integer k. Since the structure we examine in this flection is only a precursor 
to the true van Emde Boas tree structure, we tolerate th^jestriction in favor of 
aiding our understanding. ^\ 

Recalling that our goal is to achieve running times of <9(<tglgw) for the oper- 
ations, let's think about how we might obtain such running times. At the end of 
Section 4.3, we saw that by changing variables, we could show that the recurrence 

7» = 27(LV^J)+lg« (20.1) 

has the solution T(n) = 0(lgnlglg«). Let's consider a similar, but simpler, 
recurrence: 



T(u) = T{yfu) + 0(1) 



(20.2) 
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If we use the same technique, changing variables, we can show that recur- 
rence (20.2) has the solution T(u) = O(lglgu). Let m = Igu, so that u = 2 m 
\§\ mid we have 

V^2 m ) = T{2 m ' 2 ) + 0(1) . 

No^ve rename S(m) = T(2 m ), giving the new recurrence 

S(m^J(w/2) + 0(1) . 

By case 2^5 the master method, this recurrence has the solution S{m) = 0{\gm). 
We change habk from S (m) to T(u), giving T(u) = T(2 m ) = S(m) = 0(lgm) = 

0(lglgM). 

Recurrence (^£2) will guide our search for a data structure. We will design a 
recursive data structifre that shrinks by a factor of *Ju in each level of its recursion. 
When an operationtrayerses this data structure, it will spend a constant amount of 
time at each level berorg^ecursing to the level below. Recurrence (20.2) will then 
characterize the running time of the operation. 

Here is another way to*tnjnk of how the term lg lg u ends up in the solution to 
recurrence (20.2). As we lookiit the universe size in each level of the recursive data 
structure, we see the sequence^ u 1 ? 2 , u l,A , u 1/8 , .... If we consider how many bits 
we need to store the universe si£e at each level, we need lg u at the top level, and 
each level needs half the bits of tWprcvious level. In general, if we start with b 
bits and halve the number of bits aV^ch level, then after lg b levels, we get down 
to just one bit. Since b = lg u, we seeCtjiat after lg lg u levels, we have a universe 
size of 2. 

Looking back at the data structure in Ri^ire 20.2, a given value x resides in 
cluster number [x/^/u\. If we view x as^^gu-bit binary integer, that cluster 
number, \_x/*Ju\, is given by the most significant (Igu)/ 2 bits of x. Within its 
cluster, x appears in position x mod y/u, which^ given by the least significant 
{\gu)/2 bits of x. We will need to index in this way, and so let us define some 
functions that will help us do so: 

high(x) = [x/V^J , O, 
low(x) = x mod \fu , / 
index(x,j) = X\/u + y. 

The function high(x) gives the most significant (lgw)/2 bits of x, producing the 
number of x's cluster. The function low(x) gives the least significant (lg u)/2 bits 
of x and provides x's position within its cluster. The function index(x, y ) builds an 
element number from x and y, treating x as the most significant (lg u)/2 bits of the 
element number and y as the least significant (lgw)/2 bits. We have the identity 
x = index (high (x), low(x)). The value of u used by each of these functions will 
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roto-vEB(yfu) structure 



y/u proto-vEB(yfu) structures 



Figure 20.3^ Bhe information in a proto-vEB(u) structure when u > 4. The structure contains the 
universe size iva pointer summary to a proto-vEB{y/u) structure, and an array cluster[0 . . yfu — 1] 
of yfu pointers ^SQ>roto-vEB{yfu) structures. 

<? 

always be the unfwr^e size of the data structure in which we call the function, 
which changes as w^descend into the recursive structure. 

20.2.1 Proto van Emrfs^pas structures 

Taking our cue from recurrei^s (20.2), let us design a recursive data structure to 
support the operations. Althoug^his data structure will fail to achieve our goal of 
0(lg lg m) time for some operations, it serves as a basis for the van Emde Boas tree 
structure that we will see in Sectioiu2w.3. 

For the universe {0, 1, 2, . . . , u — TLAe define a proto van Emde Boas struc- 
ture, or proto-vEB structure, which we-denote as proto-vEB{u), recursively as 
follows. Each proto-vEB(u) structure contains an attribute u giving its universe 
size. In addition, it contains the following^^- 

^, 

• If u = 2, then it is the base size, and it cont@s an array ^4[0 . . 1] of two bits. 

• Otherwise, u = 2 2 * for some integer k >Oo«o that u > 4. In addition 
to the universe size u, the data structure proto-VEB(u) contains the following 
attributes, illustrated in Figure 20.3: • 

o 

• a pointer named summary to a proto-vEB{y/u) stru^ttjjre and 

• an array cluster [0 . . y/u — 1] of y/u pointers, each to a^^?o- vEB(y/u) struc- 
ture. 

The element x, where 0 < x < u, is recursively stored in the cluster numbered 
high(x) as element low(x) within that cluster. 

In the two-level structure of the previous section, each node stores a summary 
array of size y/u, in which each entry contains a bit. From the index of each 
entry, we can compute the stalling index of the subarray of size y/u that the bit 
summarizes. In the proto-vEB structure, we use explicit pointers rather than index 
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elements 8,9 elements 10,11 



elements 12,13 elements 14,15 



o 

2,3,0$7, 14, 



Figure 20.4 A proto-vEB(\6) structure representing the set {2, 3, 4^5~j7, 14, 15}. It points to four 
proto-vEB(A) structures in cluster^) . . 3], and to a summary structure, wjrieh is also a proto-vEB(A). 
Each proto-vEB(A) structure points to two proto-vEB(2) structures in cluster[0 . . 1], and to a 
proto-vEB{2) summary. Each proto-vEB(2) structure contains just an array A[0 . . 1] of two bits. 
The proto-vEB(2) structures above "elements store bits i and / of the actual dynamic set, and 
the proto-vEB(2) structures above "clusters store the summary bits for clusters i and j in the 
top-level proto-vEB{\6) structure. For clarity, heavy shading indicates the top level of a proto-vEB 
structure that stores summary information for its parent structure; such a proto-vEB structure is 
otherwise identical to any other proto-vEB structure with the same universe size. 
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calculations. The array summary contains the summary bits stored recursively in a 
proto-vEB structure, and the array cluster contains ^/u pointers. 

Figure 20.4 shows a fully expanded proto-vEB{\6) structure representing the 
«6n{2, 3, 4, 5, 7, 14, 15}. If the value i is in the proto-vEB structure pointed to by 
summary, then the z'th cluster contains some value in the set being represented. 
AsypSme tree of constant height, cluster[i] represents the values i*Ju through 
(z + Ijf^I — 1, which form the z'th cluster. 

At the /base level, the elements of the actual dynamic sets are stored in some 
of the prataAiEB(2) structures, and the remaining proto-vEB(2) structures store 
summary bits. ^Beneath each of the non-summary base structures, the figure in- 
dicates whicfKbjis it stores. For example, the proto-vEB(2) structure labeled 
"elements 6,7" stores bit 6 (0, since element 6 is not in the set) in its ^4[0] and 



bit 7 (1, since elemenU7 is in the set) in its A [1] 

Like the clusters, < each„summary is just a dynamic set with universe size *Ju 



and so we represent ea«nsu mmary as a proto-vEB{*Ju) structure. The four sum- 
mary bits for the main p%ato-vEB(\6) structure are in the leftmost proto-vEB(A) 
structure, and they ultimatum appear in two proto-vEB(l) structures. For exam- 
ple, the proto-vEB{2) structur^labeled "clusters 2,3" has ^4[0] = 0, indicating that 
cluster 2 of the proto-vEB{\6) picture (containing elements 8, 9, 10, 11) is all 0, 
and 4[1] = 1, telling us that cluster 3 (containing elements 12, 13, 14, 15) has at 
least one 1. Each proto-vEB(A) strutfrare points to its own summary, which is itself 
stored as a proto-vEB(2) structure. Fofexample, look at the proto-vEB(2) struc- 
ture just to the left of the one labeled ' elements 0,1." Because its ^4[0] is 0, it tells 
us that the "elements 0,1" structure is all CVand because its A[l] is 1, we know that 
the "elements 2,3" structure contains at leasTTffliae 1- 

20.2.2 Operations on a proto van Emde Boas^ructure 

We shall now describe how to perform operatic^ on a proto-vEB structure. 
We first examine the query operations— Member, Minimum, Maximum, and 
SUCCESSOR— which do not change the proto-vEB st(ukure. We then discuss 
Insert and Delete. We leave Maximum and Predec©sor, which are sym- 
metric to Minimum and Successor, respectively, as Exefc^je 20.2-1. 

Each of the Member, Successor, Predecessor, Insert, and Delete op- 
erations takes a parameter x, along with a proto-vEB structure V . Each of these 
operations assumes that 0 < x < V. u. 



Determining whether a value is in the set 



To perform Member(tc), we need to find the bit corresponding to x within the 
appropriate proto-vEB(2) structure. We can do so in O(lglgu) time, bypassing 
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the summary structures altogether. The following procedure takes a proto-vEB 
structure V and a value x, and it returns a bit indicating whether x is in the dynamic 



The PRfvm-'vEB -Member procedure works as follows. Line 1 tests whether 
we are in a base case, where V is a proto-vEB{2) structure. Line 2 handles the 
base case, simfrfWeturning the appropriate bit of array A. Line 3 deals with the 
recursive case, mining down" into the appropriate smaller proto-vEB structure. 
The value high(x)^say^,which proto-vEB(*/u) structure we visit, and low(x) de- 
termines which elemimtjwithin that proto-vEB(*/u) structure we are querying. 

Let's see what happen^ when we call Proto-vEB-Member(K, 6) on the 
proto-vEB{\6) structure ^Figure 20.4. Since high(6) = 1 when u = 16, we 
recurse into the proto-vEB(£) structure in the upper right, and we ask about ele- 
ment low(6) = 2 of that strud^re. In this recursive call, u = 4, and so we recurse 
again. With u = 4, we have hi^h(2) = 1 and low(2) = 0, and so we ask about 
element 0 of the proto-vEB(2) strt^ire in the upper right. This recursive call turns 
out to be a base case, and so it retusris^ A [0] = 0 back up through the chain of re- 
cursive calls. Thus, we get the result Proto-vEB -Member (V, 6) returns 0, 
indicating that 6 is not in the set. r\ 

To determine the running time of Puoop-vEB -Member, let T(u) denote 
its running time on a proto-vEB(u) strucmrk Each recursive call takes con- 
stant time, not including the time taken by ihe recursive calls that it makes. 
When Proto-vEB -Member makes a recursh*( call, it makes a call on a 
proto-vEB(^fu) structure. Thus, we can characterise the running time by the recur- 
rence T{u) = T(yfu) + 0(1), which we have alre&du^seen as recurrence (20.2). 



Its solution is T(u) = 0(lg lg u), and so we conclude ihaLPROTO-vEB -Member 




3 else(ffcturn PROTO-vEB-MEMBER(Kc/M5'ter[high(jc)], low(x)) 



ito-vEB-Member(F, x) 
4)V.u == 2 



runs in time 0(lg lg u). 




Finding the minimum element 



Now we examine how to perform the Minimum operation. The procedure 
Proto-vEB-Minimum (V) returns the minimum element in the proto-vEB struc- 
ture V, or NIL if V represents an empty set. 
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Proto-vEB -Minimum (V) 

1 if Km ==2 
\&2> if V.A[0] == 1 
^ return 0 

4^>> elseif V.A[l] == 1 

5 , 0 return 1 

6 (^)else return nil 

7 else^i-c/K5ter = Proto-vEB-Minimum (K.sMmraary) 

8 \£jhyi-cluster == NIL 

9 ''j^furn NIL 

10 elseo^fe? = PROTO-YEB-Mimuvu(V.cluster[min-cluster]) 

1 1 retuim index (min-cluster , offset) 

This procedure worlcs as follows. Line 1 tests for the base case, which lines 2-6 
handle by brute force.^nes 7-1 1 handle the recursive case. First, line 7 finds the 
number of the first cluster that contains an element of the set. It does so by recur- 
sively calling PROTO-vEB^r4iNiMUM on V. summary, which is a proto-vEB(^fu) 
structure. Line 7 assigns this(gmster number to the variable min-cluster. If the set 
is empty, then the recursive caX^eturned NIL, and line 9 returns NIL. Otherwise, 
the minimum element of the set i% somewhere in cluster number min-cluster. The 
recursive call in line 10 finds the ofl(£e} within the cluster of the minimum element 
in this cluster. Finally, line 1 1 constri^ct^ the value of the minimum element from 
the cluster number and offset, and it retuffrp this value. 

Although querying the summary information allows us to quickly find the clus- 
ter containing the minimum element, becMserthis procedure makes two recursive 
calls on proto-vEB(^fu) structures, it does noLAin in 0(lglg u) time in the worst 
case. Letting T(u) denote the worst-case time lpfvPROTO-vEB -Minimum on a 
proto-vEB(u) structure, we have the recurrence 

T(u) = 2T(Vu) + 0(1) . . (20.3) 

Again, we use a change of variables to solve this recus-ence, letting m = Igu, 
which gives T^-S 

T(2 m ) = 2T(2 m/2 ) + 0(1) . 

Renaming S(m) = T(2 m ) gives 

S(m) = 2S(m/2) + 0(1) , 

which, by case 1 of the master method, has the solution S(m) = &(m). By chang- 
ing back from S(m) to T(u), we have that T(u) = T(2 m ) = S(m) = @(m) = 
0(lgw). Thus, we see that because of the second recursive call, Proto-vEB- 
Minimum runs in 0(lg u) time rather than the desired 0(lglg u) time. 
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Finding the successor 

The SUCCESSOR operation is even worse. In the worst case, it makes two recursive 
^ >e&lls, along with a call to Proto-vEB-Minimum. The procedure PROTO-vEB- 
vSUCCESSOR(K x) returns the smallest element in the proto-vEB structure V that 
is*gr^ter than x, or NIL if no element in V is greater than x. It does not require x 
to hV^nember of the set, but it does assume that 0 < x < V.u. 

PR0T0(^feB-SUCCESS0R(F, x) 

1 if7.V=2 

2 if *=^° and == 1 

3 upturn 1 

4 else return, nil 

5 else offset = (^ROTO-vEB-SucCESSOR(Kc/M5ter[high(x)], low(x)) 

6 if offset ^ ^tl. 

7 return inflex (high (x ) , offset) 

8 else succ-cluste(^= PROTO-vEB-SucCESSOR (V. summary, high(x)) 

9 if succ-cluster^- NIL 

10 return nil^ 

11 else offset = PROTO-wEB-MimMVM(V.cluster[succ-cluster]) 

1 2 return index (suttt-cluster , offset) 

v 

The PROTO-VEB-SUCCESSOR procedure works as follows. As usual, line 1 
tests for the base case, which lines 2^Nrandle by brute force: the only way that x 



can have a successor within a proto-vEB\l) structure is when x = 0 and ^4[1] 
is 1. Lines 5-12 handle the recursive case^JLine 5 searches for a successor to x 
within x 's cluster, assigning the result to offs&u Line 6 determines whether x has 
a successor within its cluster; if it does, then ;omputes and returns the value 

of this successor. Otherwise, we have to search ir^pther clusters. Line 8 assigns to 
succ-cluster the number of the next nonempty cluster, using the summary informa- 
tion to find it. Line 9 tests whether succ-cluster is Nl^TVith line 10 returning NIL 
if all succeeding clusters are empty. If succ-cluster is(n)m-NlL, line 11 assigns 
the first element within that cluster to offset, and line 12 computes and returns the 
minimum element in that cluster. 

In the worst case, PROTO-vEB-SucCESSOR calls itself recursively twice on 
proto-vEB(yfu) structures, and it makes one call to Proto-vEB-Minimum on 
a proto-vEB(^fu) structure. Thus, the recurrence for the worst-case running 
time T(u) of PROTO-VEB-SUCCESSOR is 

T(u) = 2T{Ju) + ®(lg 4u) 

= 27(V^) + e(igu). 
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We can employ the same technique that we used for recurrence (20.1) to show 
that this recurrence has the solution T(u) = ©(lgulglgu). Thus, PROTO-vEB- 
•^JSUCCESSOR is asymptotically slower than Proto-vEB-Minimum. 

Ingfcpting an element 

To inSeskan element, we need to insert it into the appropriate cluster and also set 
the summary bit for that cluster to 1. The procedure Proto-vEB-Insert(K, x) 
inserts the-VaJue x into the proto-vEB structure V. 

PROTO-VEB^fN£ERT(V r , x) 

1 ifF. M ==2VL 

2 V.A[x] =M\ 

3 else PROTO-vEB.-lNSERT(Kc/w5ter[high(x)],low(x)) 

4 PROTO-vEB- , KNS^RT(K.rammary, high(x)) 

In the base case, line 2 setst^e appropriate bit in the array A to 1 . In the recursive 
case, the recursive call in lir^S inserts x into the appropriate cluster, and line 4 
sets the summary bit for that cl^Jer to 1. 

Because PROTO-vEB-lNSERT jnakes two recursive calls in the worst case, re- 
currence (20.3) characterizes its ruwffitig time. Hence, Proto-vEB -Insert runs 
in 0(lg u) time. S J > 

o 

Deleting an element 

The Delete operation is more complicated th^dnsertion. Whereas we can always 
set a summary bit to 1 when inserting, we caSrWalways reset the same summary 
bit to 0 when deleting. We need to determine wWther any bit in the appropriate 
cluster is 1. As we have defined proto-vEB structures, we would have to examine 
all -v/^ bits within a cluster to determine whether any«of them are 1. Alternatively, 
we could add an attribute n to the proto-vEB structur(£\ounting how many el- 
ements it has. We leave implementation of PROTO-vEl^X^ELETE as Exercises 
20.2-2 and 20.2-3. 

Clearly, we need to modify the proto-vEB structure to get each operation down 
to making at most one recursive call. We will see in the next section how to do so. 



Exercises 



20.2-1 

Write pseudocode for the procedures Proto-vEB -Maximum and Proto-vEB- 
Predecessor. 
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^ 20.2-2 

, Write pseudocode for Proto-vEB-Delete. It should update the appropriate 
^\ summary bit by scanning the related bits within the cluster. What is the worst- 
v^oase running time of your procedure? 

% 

Addrlfae attribute n to each proto-vEB structure, giving the number of elements 
curremn^in the set it represents, and write pseudocode for Proto-vEB-Delete 
that useVthe attribute n to decide when to reset summary bits to 0. What is the 
worst-case^running time of your procedure? What other procedures need to change 
because of ftfe new attribute? Do these changes affect their running times? 

20.2-4 ^ 

Modify the proto-vEB structure to support duplicate keys. 
20.2-5 

Modify the proto-vEB structure to support keys that have associated satellite data. 
20.2-6 O 

Write pseudocode for a proce^"e that creates a proto-vEB(u) structure. 
20.2-7 

Argue that if line 9 of PROTO-vEB-MlNlMUM is executed, then the proto-vEB 
structure is empty. ^ q 

20.2-8 vP* 

Suppose that we designed a proto-vEB stftS^ure in which each cluster array had 
only w 1/4 elements. What would the runninjsfvLmes of each operation be? 

% 

20.3 The van Emde Boas tree * q 

c> 

The proto-vEB structure of the previous section is close toywhat we need to achieve 
0(lglg u) running times. It falls short because we have to recurse too many times 
in most of the operations. In this section, we shall design a data structure that 
is similar to the proto-vEB structure but stores a little more information, thereby 
removing the need for some of the recursion. 

In Section 20.2, we observed that the assumption that we made about the uni- 
verse size— that u = 2 2k for some integer k— is unduly restrictive, confining the 
possible values of u an overly sparse set. From this point on, therefore, we will 
allow the universe size u to be any exact power of 2, and when *Ju is not an inte- 
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Figure 20.5 Th^information in a vEB(u) tree when w > 2. The structure contains the uni- 
verse size u, elemetas min and max, a pointer summary to a v£"6( ^/I7) tree, and an array 
cluster[0 . . X/u — l]mi^/u pointers to vEB( i/u) trees. 
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ger— that is, if u is ah odd power of 2 (u = 2 2k+1 for some integer k > 0)— then 
we will divide the lg u bits>^f a number into the most significant |"(lg u)/2~] bits and 
the least significant [(lg !>)/j2J bits. For convenience, we denote 2^ lgu) / 2 ^ (the "up- 
per square root" of u) by fyusmd 2 L(lgu)/2j (the "lower square root" of u) by X/u, 
so that u = X/u ■ i/u and, When u is an even power of 2 (u = 2 2k for some 



integer k), X/u = X/u = *Ju. ^Because we now allow u to be an odd power of 2, 



we must redefine our helpful function^ from Section 20.2: 

[x/X/U\ , 



high(x) = 
low(x) = 
index (x, y) = 



x mod 

x X/u + y . 



20.3.1 van Emde Boas trees 
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o 



The van Emde Boas tree, or vEB tree, modifies^ve proto-vEB structure. We 
denote a vEB tree with a universe size of u as vEB^i) and, unless u equals the 
base size of 2, the attribute summary points to a vEfii^/u) tree and the array 
cluster[0 . . X/u — 1] points to X/u vEB( X/u) trees. A 
vEB tree contains two attributes not found in a proto-vEB"5lpfi£ture: 




• min stores the minimum element in the vEB tree, and 

• max stores the maximum element in the vEB tree. 

Furthermore, the element stored in min does not appear in any of the recur- 
sive vEB( X/u) trees that the cluster array points to. The elements stored in a 
vEB(u) tree V, therefore, are V.min plus all the elements recursively stored in 
the vEB( X/u) trees pointed to by V. cluster [0 . . X/u — 1]. Note that when a vEB 
tree contains two or more elements, we treat min and max differently: the element 
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stored in min does not appeal - in any of the clusters, but the element stored in max 
does. 

Since the base size is 2, a vEB(2) tree does not need the array A that the cor- 
V'responding proto-vEB{2) structure has. Instead, we can determine its elements 
W)n its min and max attributes. In a vEB tree with no elements, regardless of its 
unerase size u, both min and max are NIL. 

Pfgme 20.6 shows a vEB(\6) tree V holding the set {2, 3, 4, 5, 7, 14, 15}. Be- 
cause tbc^mallest element is 2, V.min equals 2, and even though high(2) = 0, the 
elemenr-Z^loes not appear in the vEB(A) tree pointed to by V.cluster[0]: notice 
that V .clumer$\.min equals 3, and so 2 is not in this vEB tree. Similarly, since 
V.cluster[0]>nwi equals 3, and 2 and 3 are the only elements in V.cluster[0], the 
vEB(2) clusterr within V.cluster[0] are empty. 

The min and WKuoattributes will turn out to be key to reducing the number of 
recursive calls within the operations on vEB trees. These attributes will help us in 
four ways: \ 




1 . The Minimum and Maximum operations do not even need to recurse, for they 
can just return the value^§f min or max. 

2. The SUCCESSOR operati^Sj) can avoid making a recursive call to determine 
whether the successor of a yalue x lies within high(x). That is because x's 
successor lies within its clustefSf and only if x is strictly less than the max 
attribute of its cluster. A symm^tr^c argument holds for PREDECESSOR and 
min. Q 

3. We can tell whether a vEB tree has n^iements, exactly one element, or at least 
two elements in constant time from it^tin and max values. This ability will 
help in the Insert and Delete operati^fs) If min and max are both nil, then 
the vEB tree has no elements. If min and ma^yct non-NlL but are equal to each 
other, then the vEB tree has exactly one elemeJiK Otherwise, both min and max 
are non-NlL but are unequal, and the vEB tree has two or more elements. 

4. If we know that a vEB tree is empty, we can insert a^lement into it by updating 
only its min and max attributes. Hence, we can insert@to an empty vEB tree in 
constant time. Similarly, if we know that a vEB tree hwpnly one element, we 
can delete that element in constant time by updating only min and max. These 
properties will allow us to cut short the chain of recursive calls. 

Even if the universe size u is an odd power of 2, the difference in the sizes 
of the summary vEB tree and the clusters will not turn out to affect the asymptotic 
running times of the vEB-tree operations. The recursive procedures that implement 
the vEB-tree operations will all have running times characterized by the recurrence 

T(u) < T(Z/u) + 0(1) . (20.4) 
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Figure 20.6 A vEB(\6) tree corresponding to the proto-vEB tree in Figure 20.4. It stores the set 
{2, 3, 4, 5, 7, 14. 15}. Slashes indicate NIL values. The value stored in the win attribute of a vEB tree 
does not appear in any of its clusters. Heavy shading serves the same purpose here as in Figure 20.4. 



20.3 The van Emde Boas tree 



549 




This recurrence looks similar to recurrence (20.2), and we will solve it in a similar 
fashion. Letting m = lg u, we rewrite it as 

^J(2 m ) < T(2 rm/21 ) + 0(1) . 

''Noting that \tn/2] < 2m / 3 for all m > 2, we have 

T(^) < T(2 2m/3 ) + 0(1) . 

llm) = T(2 m ), we rewrite this last recurrence as 

}m/3) + 0(1) , 

which, by «^e 2 of the master method, has the solution S(m) = O(lgm). (In 
terms of the a£^)mptotic solution, the fraction 2/3 does not make any difference 
compared with ^1J^ fraction 1/2, because when we apply the master method, we 
find that log 3/2 1 <*Klog 2 1 = 0.) Thus, we have T(u) = T(2 m ) = S(m) = 
O(lgm) = 0(lglgV>' 

Before using a van Eiftde Boas tree, we must know the universe size u, so that 
we can create a van Emde/Boas tree of the appropriate size that initially represents 
an empty set. As Problem^- 1 asks you to show, the total space requirement of 
a van Emde Boas tree is 0(y^>. and it is straightforward to create an empty tree 
in 0(u) time. In contrast, we^ean create an empty red-black tree in constant time. 
Therefore, we might not want to*us^a van Emde Boas tree when we perform only 
a small number of operations, since the time to create the data structure would 
exceed the time saved in the individual operations. This drawback is usually not 
significant, since we typically use a si nft data structure, such as an array or linked 
list, to represent a set with only a few ele^bnts. 

20.3.2 Operations on a van Emde Boas wee 

We are now ready to see how to perform operaticvfl& on a van Emde Boas tree. As 
we did for the proto van Emde Boas structure, we will consider the querying oper- 
ations first, and then Insert and Delete. Due to the-slight asymmetry between 
the minimum and maximum elements in a vEB tree— when a vEB tree contains 
at least two elements, the minumum element does not appdgr within a cluster but 
the maximum element does— we will provide pseudocode for all five querying op- 
erations. As in the operations on proto van Emde Boas structures, the operations 
here that take parameters V and x, where V is a van Emde Boas tree and x is an 
element, assume that 0 < x < V.u. 



Finding the minimum and maximum elements 



Because we store the minimum and maximum in the attributes min and max, two 
of the operations are one-liners, taking constant time: 
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vEB-Tree-Minimum (V) 
1 return V.min 

VpB -Tree-Maximum (F) 
1 ^ rn V.max 

Deterrn^^g whether a value is in the set 

The proced^je vEB-Tree-Member(F, x) has a recursive case like that of 
PROTO-vEB^MEMBER, but the base case is a little different. We also check di- 
rectly whether ^r^quals the minimum or maximum element. Since a vEB tree 
doesn't store bitS'a^i proto-vEB structure does, we design vEB -Tree-Member 
to return TRUE or FT^E rather than 1 or 0. 

vEB-Tree-Memberj^K^) 

1 if x == V.min or x == VJmax 

2 return TRUE /*\ 

3 elseifKz/==2 

4 return false ^ 

5 else return vEB-TREE-MEM^F^K.c/i«ter[high(x)], low(x)) 

Line 1 checks to see whether x equal^e'ither the minimum or maximum element. 
If it does, line 2 returns TRUE. OthervjQk, line 3 tests for the base case. Since 
a vEB{2) tree has no elements other thar^jk>se in min and max, if it is the base 
case, line 4 returns FALSE. The other possibitij^— it is not a base case and x equals 
neither min nor max— is, handled by the recur^e)call in line 5. 

Recurrence (20.4) characterizes the running ti@ of the vEB -Tree-Member 
procedure, and so this procedure takes 0(lg lg u) tuffe. 

Finding the successor and predecessor (^i. 

Next we see how to implement the SUCCESSOR operatio^ARecall that the pro- 
cedure Proto-vEB-Successor(F, x) could make two recursive calls: one to 
determine whether x's successor resides in the same cluster as x and, if it does 
not, one to find the cluster containing x's successor. Because we can access the 
maximum value in a vEB tree quickly, we can avoid making two recursive calls, 
and instead make one recursive call on either a cluster or on the summary, but not 
on both. 
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vEB-Tree-Successor(T,x) 

1 if Km ==2 

ts5^>2 if x == 0 and V.max == 1 

\J5 return 1 
(2p j else return nil 
5 , <Olseif V. min ^ NIL and x < V. min 

6 return V.min 

1 el^jnax-low = vEB-TREE-MAXlMUM(Kc/w5ter[high(x)]) 

8 •j^yiax-low ^ NIL and low(x) < max-low 

9 \>dffset = vEB-TREE-SucCESSOR(Kc/t«fer[high(x)],low(x)) 

10 x peturn index (high(x), offset) 

11 else svce^cluster = VEB-TREE-SUCCESS0R(K summary, high(x)) 

12 if sucj^cluster == NIL 

13 retupn nil 

14 elseo^z^ vEB -Tree-Minimum {V.cluster[succ-cluster}) 

1 5 return index (succ-cluster , offset) 

This procedure has six return statements and several cases. We start with the 
base case in lines 2-4, which if^shrns 1 in line 3 if we are trying to find the successor 
of 0 and 1 is in the 2-element set; otherwise, the base case returns NIL in line 4. 

If we are not in the base case, X@next check in line 5 whether x is strictly less 
than the minimum element. If so, th^we simply return the minimum element in 
line 6. Q 

If we get to line 7, then we know thafVe are not in a base case and that x is 
greater than or equal to the minimum valu^jn the vEB tree V. Line 7 assigns to 
max-low the maximum element in x 's clustep^ x 's cluster contains some element 
that is greater than x, then we know that x's successor lies somewhere within x's 



cluster. Line 8 tests for this condition. If x's sucpi^sor is within x's cluster, then 
line 9 determines where in the cluster it is, and line 10 returns the successor in the 
same way as line 7 of PROTO-vEB -SUCCESSOR. * ^ 

We get to line 11 if x is greater than or equal toMfie greatest element in its 
cluster. In this case, lines 11-15 find x's successor in tneAame way as lines 8-12 
of Proto-vEB-Successor. 

It is easy to see how recurrence (20.4) characterizes the running time of vEB- 
TREE-SUCCESSOR. Depending on the result of the test in line 7, the procedure 
calls itself recursively in either line 9 (on a vEB tree with universe size fyu) or 
line 1 1 (on a vEB tree with universe size %/u). In either case, the one recursive 
call is on a vEB tree with universe size at most Xfu. The remainder of the proce- 
dure, including the calls to vEB -Tree-Minimum and vEB -Tree-Maximum, 
takes 0(1) time. Hence, vEB-Tree-Successor runs in O(lglgw) worst-case 
time. 
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The vEB-Tree-Predecessor procedure is symmetric to the vEB-Tree- 
SUCCESSOR procedure, but with one additional case: 

*"6B-Tree-Predecessor(T, x) 
K§KV.u==2 

2 if x == 1 and V.min == 0 

3 0 return 0 

4 (Qse return NIL 

5 elseif xj^ax ^ NIL and x > V. max 

6 reu\rpi'V.max 

1 else min-tq^K— vEB-TREE-MlNlMUM(Kc/f«ter[high(x)]) 

8 if min-lvw^ NIL and low(x) > min-low 

9 offse? ^yEB-T ree-Prebecessor (V.cluster[high(x)], low(x)) 

1 0 returiMndex (high (x ) , offset) 

11 else pred-cluMep<= vEB-TREE-PREDECESSOR(K. summary, high(x)) 

12 if pred-clu$ter> = = NIL 

13 if KrazVi^NlL and x > V.min 

14 retunC^.f/zm 

15 else return 

16 else offset = wEB-S , R^.-MAXlMVM(V.cluster\pred-cluster]) 

17 return index (pr&q^fluster , offset) 

X 

Lines 13-14 form the additional case£Jhis case occurs when x's predecessor, 
if it exists, does not reside in x's cluster. (Tn VEB-TREE-SUCCESSOR, we were 
assured that if x 's successor resides outsMe^f, x 's cluster, then it must reside in 
a higher-numbered cluster. But if x's predecessor is the minimum value in vEB 
tree V, then the successor resides in no cluster^at all. Line 13 checks for this 
condition, and line 14 returns the minimum value as^ppropriate. 

This extra case does not affect the asymptotic Tunning time of vEB-Tree- 
Predecessor when compared with vEB-Tree-Successor, and so vEB- 
Tree-Predecessor runs in O(lglgM) worst-case timk* 

*?> 

Inserting an element < 

Now we examine how to insert an element into a vEB tree. Recall that PROTO- 
vEB-Insert made two recursive calls: one to insert the element and one to insert 
the element's cluster number into the summary. The vEB -Tree-Insert proce- 
dure will make only one recursive call. How can we get away with just one? When 
we insert an element, either the cluster that it goes into already has another element 
or it does not. If the cluster already has another element, then the cluster number 
is already in the summary, and so we do not need to make that recursive call. If 
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the cluster does not already have another element, then the element being inserted 
becomes the only element in the cluster, and we do not need to recurse to insert an 
\§\ dement into an empty vEB tree: 



Empty-Tree-Insert (V, x) 

l\Jf\min = x 
2 y^ax = x 

With tlA ;ocedure in hand, here is the pseudocode for vEB-Tree-Insert (V, x), 
which asSymes that x is not already an element in the set represented by vEB 
tree V: 




vEB -Tree-In^^t (V, x) 

1 if V.min == i^rS 

2 vEB -Empt^-Tree-Insert (V, x) 

3 else if x < V.min ^ 

4 exchange x^vith V.min 

5 ifV.u>2 

6 if vEB-TREE i MlNiMUM(Kc/M5ter[high(x)]) == NIL 

7 vEB-TREEMNSERT(Kswmmfl:ry, high(x)) 

8 vEB -EMPTY^TsiiE-lNSERT (K c/Mster [high(x)], low(x)) 

9 else vEB-TREE-lNSeRT)(Kc/M5ter[high(x)],low(x)) 

10 if x > V.max \ 

11 V.max = x \-) 

This procedure works as follows. Line ^<J$sts whether V is an empty vEB tree 
and, if it is, then line 2 handles this easy c^^j Lines 3-11 assume that V is not 
empty, and therefore some element will be inserted into one of V's clusters. But 
that element might not necessarily be the elemenTx^assed to vEB -Tree-Insert. 
If x < min, as tested in line 3, then x needs to become the new min. We don't 
want to lose the original min, however, and so we needJo insert it into one of V's 
clusters. In this case, line 4 exchanges x with min, so- pat we insert the original 
min into one of V 's clusters. S^S 

We execute lines 6-9 only if V is not a base-case vEB ffee. Line 6 determines 
whether the cluster that x will go into is currently empty. If so, then line 7 in- 
serts x's cluster number into the summary and line 8 handles the easy case of 
inserting x into an empty cluster. If x 's cluster is not currently empty, then line 9 
inserts x into its cluster. In this case, we do not need to update the summary, 
since x 's cluster number is already a member of the summary. 

Finally, lines 10-11 take care of updating max if x > max. Note that if V is a 
base-case vEB tree that is not empty, then lines 3-4 and 10-1 1 update min and max 
properly. 
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Once again, we can easily see how recurrence (20.4) characterizes the running 
time. Depending on the result of the test in line 6, either the recursive call in line 7 
•^Sruri on a vEB tree with universe size l/u) or the recursive call in line 9 (run on 
-a'wEB with universe size tyu) executes. In either case, the one recursive call is 
onrtf)vEB tree with universe size at most l/u. Because the remainder of vEB- 
Tre^wsert takes 0(1) time, recurrence (20.4) applies, and so the running time 
is 0(rg/feu). 

Deleting an-Hement 

Finally, we lbok, .at how to delete an element from a vEB tree. The procedure 
vEB-Tree-DeX^TE (V. x) assumes that x is currently an element in the set repre- 
sented by the vEB^ee,K. 

O.. 

vEB -Tree-Delete (\^Tx) 

1 if V.min == V.max \ . 

2 V.min = NIL 

3 V.max = NIL 

4 elseifKz<==2 0 

5 if x == 0 , . 

6 V.min = 1 *Q 

7 else V.min = 0 

8 V.max = V.min Q 

9 else if x == V.min r\ 

10 first-cluster = vEB-Tree^MjWmum(K summary) 

11 x = index(first-cluster , 

vEB-TREE-MimMUM(V.chr£ter\first-cluster])) 

12 V.min = x s\ 

13 vEB -Tree-Delete (K c/iwter [high (x)],rc>w(x)) 

14 if vEB-TREE-MlNlMUM(Kc/wster[high(xfl) == NIL 

15 vEB-TREE-DELETE(KsMmraary, high(x>VL 

16 if x == V.max 

17 summary-max = VEB-TREE-MAXIMUM^!K summary) 

18 it summary-max = = NIL 

19 V.max = V.min 

20 else V.max = mde\(summary-max. 

VEB -TREE-MAXIMUM (V. cluster[summary-max]j) 

2 1 elseif x == V. max 

22 V.max = index (high (x), 

vEB-TREE-MAXlMUM(Kc/M5'ter[high(x)])) 
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The vEB -Tree-Delete procedure works as follows. If the vEB tree V con- 
tains only one element, then it's just as easy to delete it as it was to insert an element 
into an empty vEB tree: just set min and max to NIL. Lines 1-3 handle this case. 
v^Qtherwise, V has at least two elements. Line 4 tests whether V is a base-case vEB 
tasfe and, if so, lines 5-8 set min and max to the one remaining element. 

t^mes 9-22 assume that V has two or more elements and that u > 4. In this 
case\/^e will have to delete an element from a cluster. The element we delete from 
a clusteirmight not be x, however, because if x equals min, then once we have 
deleted \^spme other element within one of V's clusters becomes the new min, 
and we hare tp*delete that other element from its cluster. If the test in line 9 reveals 
that we are m this case, then line 10 sets first-cluster to the number of the cluster 
that contains the lowest element other than min, and line 11 sets x to the value of 
the lowest element Jn that cluster. This element becomes the new min in line 12 
and, because we s£t x \p its value, it is the element that will be deleted from its 
cluster. \^ x 

When we reach lindCl3, we know that we need to delete element x from its 
cluster, whether x was tfje>value originally passed to vEB -Tree-Delete or x 
is the element becoming tl^eSiew minimum. Line 13 deletes x from its cluster. 
That cluster might now beco(jS^ empty, which line 14 tests, and if it does, then 
we need to remove x's cluster ryimber from the summary, which line 15 handles. 
After updating the summary, we flrfmht need to update max. Line 16 checks to see 
whether we are deleting the maximum^ement in V and, if we are, then line 17 sets 
summary-max to the number of the higti^st-numbered nonempty cluster. (The call 
vEB -Tree-Maximum {V. summary) warks because we have already recursively 
called vEB -Tree-Delete on V. summmx,rtn& therefore V. summary. max has al- 
ready been updated as necessary.) If all oi~K£s clusters are empty, then the only 
remaining element in V is min; line 18 check^-for this case, and line 19 updates 
max appropriately. Otherwise, line 20 sets mcbr t& the maximum element in the 
highest-numbered cluster. (If this cluster is where the element has been deleted, 
we again rely on the recursive call in line 13 having Already corrected that cluster's 
max attribute.) V * 

Finally, we have to handle the case in which x's clus(e)did not become empty 
due to x being deleted. Although we do not have to updafp> the summary in this 
case, we might have to update max. Line 21 tests for this case, and if we have to 
update max, line 22 does so (again relying on the recursive call to have corrected 
max in the cluster). 

Now we show that vEB-Tree-Delete runs in O(lglgw) time in the worst 
case. At first glance, you might think that recurrence (20.4) does not always apply, 
because a single call of vEB -Tree-Delete can make two recursive calls: one 
on line 13 and one on line 15. Although the procedure can make both recursive 
calls, let's think about what happens when it does. In order for the recursive call on 
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line 15 to occur, the test on line 14 must show that x's cluster is empty. The only 
way that x's cluster can be empty is if x was the only element in its cluster when 
•^Ve made the recursive call on line 13. But if x was the only element in its cluster, 
■than that recursive call took 0(1) time, because it executed only lines 1-3. Thus, 
wq-ji^ve two mutually exclusive possibilities: 

ecursive call on line 13 took constant time. 
• The r^tjrsive call on line 15 did not occur. 

In either ca§@> recurrence (20.4) characterizes the running time of vEB -Tree- 
Delete, and^lence its worst-case running time is 0(lglg u ). 

<? 

Exercises 

20.3-1 V>' 

Modify vEB trees to support duplicate keys. 

20.3-2 

Modify vEB trees to support kev^ that have associated satellite data. 
20.3-3 . . 

Write pseudocode for a procedure tl|faj) creates an empty van Emde Boas tree. 
20.3-4 N ^ 

What happens if you call vEB -Tree-Insert with an element that is already in 




the vEB tree? What happens if you call VEb-Tree-Delete with an element that 
is not in the vEB tree? Explain why the procecWes exhibit the behavior that they 
do. Show how to modify vEB trees and theireperations so that we can check in 
constant time whether an element is present. 

20.3-5 . 

Suppose that instead of XJu clusters, each with univers^Sjze kju, we constructed 
vEB trees to have u 1 ^ clusters, each with universe size i^ l ^ k , where k > 1 is a 
constant. If we were to modify the operations appropriatel<iwhat would be their 
running times? For the purpose of analysis, assume that u and u x ~ x l k are always 
integers. 

20.3-6 

Creating a vEB tree with universe size u requires 0(u) time. Suppose we wish to 
explicitly account for that time. What is the smallest number of operations n for 
which the amortized time of each operation in a vEB tree is 0(lg lg w)? 
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-h. 

Problen^s 

\pO-l Space requirements for van Emde Boas trees 
Xljk problem explores the space requirements for van Emde Boas trees and sug- 
gesffpa way to modify the data structure to make its space requirement depend on 
the n(H^ber n of elements actually stored in the tree, rather than on the universe 
size u. ^r simplicity, assume that y/u is always an integer. 

a. ExplaTr^vhy the following recurrence characterizes the space requirement P (u) 
of a van'^mde Boas tree with universe size u: 

P(u) = (V^ l)P(Vw) + ®(Vm) • (20.5) 

b. Prove that recu r&i ce (20.5) has the solution P(u) = 0(u). 

In order to reduce the<space requirements, let us define a reduced-space van Emde 
Boas tree, or RS-vEB mee. as a vEB tree V but with the following changes: 

• The attribute V. clustenfrpther than being stored as a simple array of pointers to 
vEB trees with universe Mze^Vw, is a hash table (see Chapter 1 1) stored as a dy- 
namic table (see Section lV-M). Corresponding to the array version of V. cluster, 
the hash table stores pointer? to^S-vEB trees with universe size *Ju. To find 
the z'th cluster, we look up fhevkey d in the hash table, so that we can find the 
i th cluster by a single search in ffc(e hash table. 

• The hash table stores only pointers So-nonempty clusters. A search in the hash 
table for an empty cluster returns Nlt?«uiicating that the cluster is empty. 

• The attribute V. summary is NIL if all cluste^ are empty. Otherwise, V. summary 
points to an RS-vEB tree with universe sizET^il. 

Because the hash table is implemented with a dy^mic table, the space it requires 
is proportional to the number of nonempty clusters. 

When we need to insert an element into an empty RS-vEB tree, we create the RS- 
vEB tree by calling the following procedure, where the N "r>asameter u is the universe 
size of the RS-vEB tree: 



Create-New-RS-vEB-Tree(w) 

1 allocate a new vEB tree V 

2 V.u = u 

3 V.min = NIL 

4 V.max = NIL 

5 V. summary = NIL 

6 create V. cluster as an empty dynamic hash table 

7 return V 
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c. Modify the vEB -Tree-Insert procedure to produce pseudocode for the pro- 
cedure RS-vEB-Tree-Insert (V, x), which inserts x into the RS-vEB tree V, 
calling Create-New-RS-vEB-Tree as appropriate. 

df^Modify the vEB-Tree-Successor procedure to produce pseudocode for 
tjp^rocedure RS-vEB-Tree-Successor^, x), which returns the successor 
ofxx^n RS-vEB tree V, or NIL if x has no successor in V. 

e. Prove^at, under the assumption of simple uniform hashing, your RS-vEB- 
TREE-rf^ERT and RS-VEB-TREE-SUCCESSOR procedures run in O(lglgw) 
expected tijrie. 

/. Assuming tha^^ments are never deleted from a vEB tree, prove that the space 
requirement for tfet^ RS-vEB tree structure is 0{n), where n is the number of 
elements actually stxjjred in the RS-vEB tree. 

g. RS-vEB trees have another advantage over vEB trees: they require less time to 
create. How long does ftytake to create an empty RS-vEB tree? 

20-2 y -fast tries 

This problem investigates D. Wilferd^s "j-fast tries" which, like van Emde Boas 
trees, perform each of the operatioQ Member, Minimum, Maximum, Pre- 
decessor, and Successor on elef8(erits drawn from a universe with size u in 
O(lglgw) worst-case time. The InserQikI Delete operations take O(lglgw) 
amortized time. Like reduced-space van B^jjde Boas trees (see Problem 20-1), y- 
fast tries use only O(n) space to store n eler^nts. The design of y-fast tries relies 
on perfect hashing (see Section 11.5). 

As a preliminary structure, suppose that we cre^ a perfect hash table containing 
not only every element in the dynamic set, but ever^refix of the binary represen- 
tation of every element in the set. For example, if u = 16, so that lg u = 4, and 
x = 13 is in the set, then because the binary representation of 13 is 1101, the 
perfect hash table would contain the strings 1, 11, HO^and 1101. In addition to 
the hash table, we create a doubly linked list of the elemenr^Wrrently in the set, in 
increasing order. < 

a. How much space does this structure require? 

b. Show how to perform the Minimum and Maximum operations in 0(1) time; 
the Member, Predecessor, and Successor operations in O(lglgw) time; 
and the Insert and Delete operations in 0(lg u) time. 

To reduce the space requirement to 0(n), we make the following changes to the 
data structure: 
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• We cluster the n elements into n/\gu groups of size Igu. (Assume for now 
, that lg u divides n.) The first group consists of the lg u smallest elements in the 

set, the second group consists of the next lg u smallest elements, and so on. 

We designate a "representative" value for each group. The representative of 
C^the z'th group is at least as large as the largest element in the zth group, and it is 
^sjialler than every element of the (z + l)st group. (The representative of the last 
gll^Op can be the maximum possible element u — 1 .) Note that a representative 
mig^jbe a value not currently in the set. 

• We sto^the lg u elements of each group in a balanced binary search tree, such 
as a red^lack tree. Each representative points to the balanced binary search 
tree for itS^group, and each balanced binary search tree points to its group's 
representatives^ 

• The perfect has^table stores only the representatives, which are also stored in 
a doubly linked lm^-increasing order. 

We call this structure a xnqst trie. 

c. Show that a _y-fast trie requires only 0{n) space to store n elements. 

d. Show how to perform the Minimum and Maximum operations in 0(lg lg u) 
time with a j-fast trie. \J y 

e. Show how to perform the MEMBElQperation in 0(lg lg u) time. 




/. Show how to perform the PREDECE^pR and SUCCESSOR operations in 
O(lglgw) time. 

g. Explain why the Insert and Delete operates take £2(lg lg u) time. 

h. Show how to relax the requirement that each gr»up in a y-fast trie has exactly 
lg u elements to allow Insert and Delete to run(mO(lg lg u) amortized time 
without affecting the asymptotic running times of thither operations. 



Chapter notes 



The data structure in this chapter is named after P. van Emde Boas, who described 
an early form of the idea in 1975 [339]. Later papers by van Emde Boas [340] 
and van Emde Boas, Kaas, and Zijlstra [341] refined the idea and the exposition. 
Mehlhorn and Naher [252] subsequently extended the ideas to apply to universe 
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sizes that are prime. Mehlhorn's book [249] contains a slightly different treatment 
of van Emde Boas trees than the one in this chapter. 

Using the ideas behind van Emde Boas trees, Dementiev et al. [83] developed 
-arljonrecursive, three-level search tree that ran faster than van Emde Boas trees in 
fhOTiNown experiments. 

vfefre and Lin [347] designed a hardware-pipelined version of van Emde Boas 
trees, y \»foch achieves constant amortized time per operation and uses O(lglgu) 
stages in the pipeline. 

A loweVpeund by Patra§cu and Thorup [273, 274] for finding the predecessor 
shows that van Emde Boas trees are optimal for this operation, even if randomiza- 
tion is alloweaT * 

V 

X 



21 • _ Data Structures for Disjoint Sets 

V, 

% 

Some applicatior^involve grouping n distinct elements into a collection of disjoint 
sets. These applications often need to perform two operations in particular: finding 
the unique set tharcontains a given element and uniting two sets. This chapter 
explores methods fonm^ntaining a data structure that supports these operations. 

Section 21.1 describe-s the operations supported by a disjoint-set data structure 
and presents a simple application. In Section 21.2, we look at a simple linked-list 
implementation for disjoinlNsels. Section 21.3 presents a more efficient represen- 
tation using rooted trees. ThsMinning time using the tree representation is theo- 
retically superlinear, but for all practical purposes it is linear. Section 21.4 defines 
and discusses a very quickly growing function and its very slowly growing inverse, 
which appears in the running time o^operations on the tree-based implementation, 
and then, by a complex amortized ana@is, proves an upper bound on the running 
time that is just barely superlinear. 



21.1 Disjoint-set operations O 

<* 

A disjoint-set data structure maintains a collection*^ = {Si, S 2 S^} of dis- 
joint dynamic sets. We identify each set by a represen^tive, which is some mem- 
ber of the set. In some applications, it doesn't matter wr@i member is used as the 
representative; we care only that if we ask for the represefjt&tive of a dynamic set 
twice without modifying the set between the requests, we get the same answer both 
times. Other applications may require a prespecified rule for choosing the repre- 
sentative, such as choosing the smallest member in the set (assuming, of course, 
that the elements can be ordered). 

As in the other dynamic-set implementations we have studied, we represent each 
element of a set by an object. Letting x denote an object, we wish to support the 
following operations: 
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Make-Set(x) creates a new set whose only member (and thus representative) 
is x. Since the sets are disjoint, we require that x not already be in some other 
^Vset. 

T^lON(x, y) unites the dynamic sets that contain x and y, say S x and S y , into a 
^y«et that is the union of these two sets. We assume that the two sets are dis- 
jompprior to the operation. The representative of the resulting set is any member 
of S y , although many implementations of UNION specifically choose the 
represe(K^tive of either S x or S y as the new representative. Since we require 
the sets krthe collection to be disjoint, conceptually we destroy sets S x and S y , 
removing tt^gm from the collection S . In practice, we often absorb the elements 
of one of the^Js into the other set. 

Find-Set(x) returns a pointer to the representative of the (unique) set contain- 
ing x. 

Throughout this chap'te^we shall analyze the running times of disjoint-set data 
structures in terms of two oarameters: n, the number of Make-Set operations, 
and m, the total number of S?L^e-Set, Union, and Find-Set operations. Since 
the sets are disjoint, each Union operation reduces the number of sets by one. 
After n — 1 Union operations>Jrnerefore, only one set remains. The number of 
Union operations is thus at most n>- 1. Note also that since the Make-Set 
operations are included in the total aumber of operations m, we have m > n. We 
assume that the n Make-Set operatrtsjfs are the first n operations performed. 

o 

An application of disjoint-set data stru^^es 

One of the many applications of disjoint-seL^tata structures arises in determin- 
ing the connected components of an undirected^jraph (see Section B.4). Fig- 
ure 21.1(a), for example, shows a graph with four connected components. 

The procedure CONNECTED-COMPONENTS that follows uses the disjoint-set 
operations to compute the connected components of a* graph. Once CONNECTED - 
Components has preprocessed the graph, the procedure. Same-Component 
answers queries about whether two vertices are in the same s epHnected component. 1 
(In pseudocode, we denote the set of vertices of a graph G tfpG. V and the set of 
edges by G.E.) 



When the edges of the graph are static — not changing over time — we can compute the connected 
components faster by using depth-first search (Exercise 22.3-12). Sometimes, however, the edges 
are added dynamically and we need to maintain the connected components as each edge is added. In 
this case, the implementation given here can be more efficient than running a new depth-first search 
for each new edge. 
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Figure 21.1 (a) A graph with four con^rt^ted components: 
(b) The collection of disjoint sets after procesj&g each edge. 



{a,b,c,d}, {e,f,g}, {A, /}, and O'}. 



Connected-Components (G) 

1 for each vertex v e G.V 

2 Make-Set(v) 

3 for each edge (u, v) e G.E 

4 if Find-Set(u) 7^ Find-Set(v) 

5 Union(w,v) 

Same-Component(w, v) 

1 if Find-Set(u) == Find-Set(v) 

2 return TRUE 

3 else return false 



o 

lb 



O 



The procedure CONNECTED-COMPONENTS initially places each vertex v in its 
own set. Then, for each edge (u, v), it unites the sets containing u and v. By 
Exercise 21.1-2, after processing all the edges, two vertices are in the same con- 
nected component if and only if the corresponding objects are in the same set. 
Thus, Connected-Components computes sets in such a way that the proce- 
dure Same-Component can determine whether two vertices are in the same con- 
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nected component. Figure 21.1(b) illustrates how CONNECTED-COMPONENTS 
, computes the disjoint sets. 
^\ In an actual implementation of this connected-components algorithm, the repre- 
sentations of the graph and the disjoint-set data structure would need to reference 
eadC)ofher. That is, an object representing a vertex would contain a pointer to 
the corresponding disjoint-set object, and vice versa. These programming details 
deperiU^n the implementation language, and we do not address them further here. 

— x 

21J - 1 

Suppose that Connected-Components is run on the undirected graph G = 
(V,E), where ,{a,b,c,d,e, f,g,h,i, j,k} and the edges of E are pro- 

cessed in the order yr, i\, (f, k), (g, i), (b, g), (a,h), (i, j), (d, k), (b, j), (d, f), 
(g, j), (a, e). List the\€rtices in each connected component after each iteration of 
lines 3-5. O 

21.1-2 

Show that after all edges are processed by CONNECTED-COMPONENTS, two ver- 
tices are in the same connected component if and only if they are in the same set. 

21.1-3 <5 v 

During the execution of CONNECTED^CXDMPONENTS on an undirected graph G = 
(V, E) with k connected components, h© many times is Find -Set called? How 
many times is UNION called? Express yo^sbswers in terms of \ V\, \E\, and k. 
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Figure 21.2(a) shows a simple way to implement a disjoint-set data structure: each 
set is represented by its own linked list. The object for each-set has attributes head, 
pointing to the first object in the list, and tail, pointing K^he last object. Each 
object in the list contains a set member, a pointer to the next object in the list, and 
a pointer back to the set object. Within each linked list, the objects may appear in 
any order. The representative is the set member in the first object in the list. 

With this linked-list representation, both Make-Set and Find-Set are easy, 
requiring 0(1) time. To carry out Make-Set(x), we create a new linked list 
whose only object is x. For Find-Set(x), we just follow the pointer from x back 
to its set object and then return the member in the object that head points to. For 
example, in Figure 21.2(a), the call Find-Set (g) would return /. 
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Figure 21.2 (a) Linked-list representations of two sets. Set S\ contains members d, /, and g, with 
representative /, and set S 2 cOTftaws members b, c, e, and h, with representative c. Each object in 
the list contains a set member, a pointer to the next object in the list, and a pointer back to the set 
object. Each set object has pointers(^Qrf and tail to the first and last objects, respectively, (b) The 
result of UNION(g, e), which appends Ihe linked list containing e to the linked list containing g. The 
representative of the resulting set is /. TJie^et object for e's list, S 2 , is destroyed. 



A simple implementation of union Q 

The simplest implementation of the Un>|^j^ operation using the linked-list set rep- 
resentation takes significantly more time tk£rKMAKE-SET or Find-Set. As Fig- 
ure 21.2(b) shows, we perform UNION (x,yf%$y appending y's list onto the end 
of x 's list. The representative of x 's list becomdQhe representative of the resulting 
set. We use the tail pointer for x 's list to quickly i^n^ where to append y 's list. Be- 
cause all members of y 's list join x 's list, we can destroy the set object for y 's list. 
Unfortunately, we must update the pointer to the set dBject for each object origi- 
nally on y's list, which takes time linear in the length of list. In Figure 21.2, for 
example, the operation UNION (g, e) causes pointers to tw^imdated in the objects 
for b, c, e, and h. 

In fact, we can easily construct a sequence of m operations on n objects that 
requires 0(« 2 ) time. Suppose that we have objects Xi, x 2 , ■ ■ ■ , x n . We execute 
the sequence of n Make-Set operations followed by n — 1 Union operations 
shown in Figure 21.3, so that m = In — 1. We spend &(n) time performing the n 
Make-Set operations. Because the z'fh Union operation updates i objects, the 
total number of objects updated by all n — 1 Union operations is 
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Operation Number of objects updated 

Make-Set(xi) 1 
•^^1AKE-SET(X2) 1 

<s ■ 

MjC^-&et(x„) 1 

UNIOjtfQ:2.Xl) 1 
UNION^\X 2 ) 2 

Union(V^) 3 
Union C*/i,x«-i)>* n-1 

<> 

Figure 21.3 A seqwn^Cf 2n — 1 operations on n objects that takes 0(« 2 ) time, or 0(«) time 
per operation on averageVusing the linked-list set representation and the simple implementation of 
Union. \ 

n-l C> 
£/ = 9(« 2 ). ^ 

0 

The total number of operations is 2n — >1 , and so each operation on average requires 
0(«) time. That is, the amortized tr@ of an operation is 0(n). 

A weighted-union heuristic O 

In the worst case, the above implementatrSw the UNION procedure requires an 
average of ©(«) time per call because we ma£.be appending a longer list onto 
a shorter list; we must update the pointer to nre-set object for each member of 
the longer list. Suppose instead that each list alWjjacludes the length of the list 
(which we can easily maintain) and that we always append the shorter list onto the 
longer, breaking ties arbitrarily. With this simple weighted-union heuristic, a sin- 
gle Union operation can still take Q(n) time if both sets.liave £2(n) members. As 
the following theorem shows, however, a sequence of m Mj)ke-Set, Union, and 
Find-Set operations, n of which are Make-Set operations^Jakes 0(m + n \gn) 
time. 

Theorem 21.1 

Using the linked-list representation of disjoint sets and the weighted-union heuris- 
tic, a sequence of m Make-Set, Union, and Find-Set operations, n of which 
are Make-Set operations, takes 0(m + n lg/i) time. 
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Proof Because each UNION operation unites two disjoint sets, we perform at 
most n — 1 Union operations over all. We now bound the total time taken by these 
Union operations. We start by determining, for each object, an upper bound on the 
v^number of times the object's pointer back to its set object is updated. Consider a 
jrafticular object x. We know that each time x's pointer was updated, x must have 
staptea in the smaller set. The first time x's pointer was updated, therefore, the 
resulting set must have had at least 2 members. Similarly, the next time x's pointer 
was updated, the resulting set must have had at least 4 members. Continuing on, 
we observ&.fhat for any k < n, after x's pointer has been updated \\gk~] times, 
the resulting sot must have at least k members. Since the largest set has at most n 
members, eaeh£)bject's pointer is updated at most |Tg ri\ times over all the UNION 
operations. Tkusthe total time spent updating object pointers over all UNION 
operations is O^vsm). We must also account for updating the tail pointers and 
the list lengths, wnich t^ke only 0(1) time per UNION operation. The total time 
spent in all UNION derations is thus 0(n lg «). 

The time for the entire sequence of m operations follows easily. Each Make- 
Set and Find-Set oper^jton takes 0(1) time, and there are 0(m) of them. The 
total time for the entire seqijence is thus 0(m + n lg n). m 

Exercises • > 

21.2-1 ^ 

Write pseudocode for Make-Set, Fpp-SET, and Union using the linked-list 
representation and the weighted-union nattiastic. Make sure to specify the attributes 
that you assume for set objects and list 6^^s. 

21.2-2 ^ 

Show the data structure that results and the a©rors returned by the Find-Set 
operations in the following program. Use the lif}ked-list representation with the 
weighted-union heuristic. 



1 for i = 1 to 1 6 

2 Make-Set(x ( ) 

3 for / = 1 to 15 by 2 

4 Union(x,-,x, +1 ) 

5 fori = 1 to 13 by 4 

6 Union(x,-,x, +2 ) 

7 Union(xi,x 5 ) 

8 Union(xh,Xi 3 ) 

9 Union(xi,xio) 

10 Find-Set(x 2 ) 

11 Find-Set(x 9 ) 
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Assume that if the sets containing x, and Xj have the same size, then the operation 
, Union (x, , Xj ) appends Xj 's list onto x ; 's list. 

Aaast the aggregate proof of Theorem 21.1 to obtain amortized time bounds 
of for Make-Set and Find-Set and 0(lgn) for Union using the linked- 
list rep^entation and the weighted-union heuristic. 

21.24 0 

Give a tighlf^ymptotic bound on the running time of the sequence of operations in 
Figure 21.3 assuming the linked-list representation and the weighted-union heuris- 
tic. 

21.2-5 X 

Professor Gompers suspects that it might be possible to keep just one pointer in 
each set object, rather tnap^wo (head and tail), while keeping the number of point- 
ers in each list element artwo. Show that the professor's suspicion is well founded 
by describing how to represent each set by a linked list such that each operation 
has the same running time as. the operations described in this section. Describe 
also how the operations work, ^Yeur scheme should allow for the weighted-union 
heuristic, with the same effect as described in this section. (Hint: Use the tail of a 
linked list as its set's representative^-) v 

X 

21.2-6 Q 

Suggest a simple change to the Union procedure for the linked-list representation 
that removes the need to keep the tail pointef^to^the last object in each list. Whether 
or not the weighted-union heuristic is used, vjefcir change should not change the 
asymptotic running time of the UNION procedure^. (Hint: Rather than appending 



one list to another, splice them together.) \~ 



21.3 Disjoint-set forests O 

In a faster implementation of disjoint sets, we represent sets by rooted trees, with 
each node containing one member and each tree representing one set. In a disjoint- 
set forest, illustrated in Figure 21.4(a), each member points only to its parent. The 
root of each tree contains the representative and is its own parent. As we shall 
see, although the straightforward algorithms that use this representation are no 
faster than ones that use the linked-list representation, by introducing two heuris- 
tics— "union by rank" and "path compression"— we can achieve an asymptotically 
optimal disjoint-set data structure. 
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Figure 21.4 A^OTsjoint-set forest, (a) Two trees representing the two sets of Figure 21.2. The 
tree on the left represents the set {b, c, e, h}, with c as the representative, and the tree on the right 
represents the set {d^Jf^^, with / as the representative, (b) The result of UNION(e. g). 

We perform the thr^edisjoint-set operations as follows. A Make-Set operation 
simply creates a tree with>just one node. We perform a Find-Set operation by 
following parent pointersSa^l we find the root of the tree. The nodes visited on 
this simple path toward fh& root constitute the find path. A Union operation, 
shown in Figure 21.4(b), caus^the root of one tree to point to the root of the other. 

V5 

Heuristics to improve the runningoime 

So far, we have not improved on the ^ijked-list implementation. A sequence of 
n — 1 Union operations may create a treQjiat is just a linear chain of n nodes. By 
using two heuristics, however, we can acfu^rc^ a running time that is almost linear 
in the total number of operations m. 

The first heuristic, union by rank, is simuafio^the weighted-union heuristic we 
used with the linked-list representation. The obVipQs approach would be to make 
the root of the tree with fewer nodes point to the root of the tree with more nodes. 
Rather than explicitly keeping track of the size of fife subtree rooted at each node, 
we shall use an approach that eases the analysis. FoS>each node, we maintain a 
rank, which is an upper bound on the height of the nouei In union by rank, we 
make the root with smaller rank point to the root with larggprank during a Union 
operation. 

The second heuristic, path compression, is also quite simple and highly effec- 
tive. As shown in Figure 21.5, we use it during Find -Set operations to make each 
node on the find path point directly to the root. Path compression does not change 
any ranks. 
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Figure 21.5 Path compression during-rhe operation Find-Set. Arrows and self-loops at roots are 
omitted, (a) A tree representing a set priSr to^executing FlND-SET(a). Triangles represent subtrees 
whose roots are the nodes shown. Each Ibm has a pointer to its parent, (b) The same set after 
executing Find-Set(a). Each node on the find^^th now points directly to the root. 

o 

Pseudocode for disjoint-set forests 

To implement a disjoint-set forest with the i-by-rank heuristic, we must keep 
track of ranks. With each node x, we maintarrrtHfL integer value x.rank, which is 
an upper bound on the height of x (the number or-eaees in the longest simple path 
between x and a descendant leaf). When Make-5*et creates a singleton set, the 
single node in the corresponding tree has an initial rank of 0. Each Find -Set oper- 
ation leaves all ranks unchanged. The UNION operatiorCms two cases, depending 
on whether the roots of the trees have equal rank. If the iQte have unequal rank, 
we make the root with higher rank the parent of the root Wiflplower rank, but the 
ranks themselves remain unchanged. If, instead, the roots have equal ranks, we 
arbitrarily choose one of the roots as the parent and increment its rank. 

Let us put this method into pseudocode. We designate the parent of node x 
by x.p. The Link procedure, a subroutine called by Union, takes pointers to two 
roots as inputs. 
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Make-Set(x) 

1 x.p = X 
■^5^ x.rank = 0 

VpLW(x, y) 

1 ^nk (Find - S et (x) , Find - S et (_y)) 
LiNK(jQy) 

1 if x .rapk > y .rank 

2 y '^A 

3 else x .p 

4 if x . rani^= y . rank 

5 y.ranx*= y.rank+ 1 

The Find-Set procedui& with path compression is quite simple: 
Find-Set(x) 

1 if x ^ x.p fi\ 

2 x.p = FlND-SET(x.p) 

3 return x .p 

The Find-Set procedure is a two-p(isLjnethod: as it recurses, it makes one pass 
up the find path to find the root, and aVflie recursion unwinds, it makes a second 



pass back down the find path to update e-apff node to point directly to the root. Each 
call of Find-Set(x) returns x.p in line 3^Kx is the root, then Find-Set skips 
line 2 and instead returns x.p, which is x;mLyis the case in which the recursion 
bottoms out. Otherwise, line 2 executes, and thGbcursive call with parameter x .p 
returns a pointer to the root. Line 2 updates nod^x to point directly to the root, 
and line 3 returns this pointer. • 

O 

Effect of the heuristics on the running time O 

Separately, either union by rank or path compression improves the running time of 
the operations on disjoint-set forests, and the improvement is even greater when 
we use the two heuristics together. Alone, union by rank yields a running time 
of 0(m\gn) (see Exercise 21.4-4), and this bound is tight (see Exercise 21.3-3). 
Although we shall not prove it here, for a sequence of n Make-Set opera- 
tions (and hence at most n — 1 Union operations) and / Find -Set opera- 
tions, the path-compression heuristic alone gives a worst-case running time of 
®(n + f • (1 + log 2+//B «)). 
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When we use both union by rank and path compression, the worst-case running 
time is 0(m a(n)), where a(n) is a very slowly growing function, which we de- 
fine in Section 21.4. In any conceivable application of a disjoint-set data structure, 
■etm) < 4; thus, we can view the running time as linear in m in all practical situa- 
tkm§) Strictly speaking, however, it is superlinear. In Section 21.4, we prove this 
uppe^nound. 

Exercise^) 
21.3-1 ^ y 

Redo ExerciseCzL.2-2 using a disjoint-set forest with union by rank and path com- 
pression, y/ 

21.3-2 

Write a nonrecursive v^Mon of Find-Set with path compression. 
21.3-3 K S 

Give a sequence of m Mak£^&et, Union, and Find -Set operations, n of which 
are Make-Set operations, mat-takes Q(m Ign) time when we use union by rank 
only. ^ 

21.3-4 <5 v 

Suppose that we wish to add the opera^on Print-Set(x), which is given a node x 
and prints all the members of x's set, i(n)any order. Show how we can add just 
a single attribute to each node in a disjoinQgt forest so that Print- Set(x) takes 
time linear in the number of members of x s^t and the asymptotic running times 
of the other operations are unchanged. Assurn^that we can print each member of 
the set in 0(1) time. Q 

21.3-5 * 

Show that any sequence of m Make-Set, Find-Set ,*and Link operations, where 
all the Link operations appear before any of the Find-SLet operations, takes only 
0(m) time if we use both path compression and union bOnk. What happens in 
the same situation if we use only the path-compression heunSpte? 
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2l.*T Analysis of union by rank with path compression 

noted in Section 21.3, the combined union-by-rank and path-compression heu- 
^fistic runs in time 0(m a{n)) for m disjoint-set operations on n elements. In this 
secptfri, we shall examine the function a to see just how slowly it grows. Then we 
prove^Jfis running time using the potential method of amortized analysis. 



Lemma 21.2 



A very^ik^kly growing function and its very slowly growing inverse 

For integer s^ > 0 and j > 1, we define the function Ak(j) as 

{ if* = 0, 

where the expression uses the functional-iteration notation given in Sec- 

tion 3.2. Specifically, = j and Af_^j) = A^MlZ? (j)) for i > 1. 

We will refer to the parameter/: as the level of the function A. 

The function A k (j) strictry/mcreases with both j and k. To see just how quickly 
this function grows, we first obtain closed-form expressions for A and A 2 (j '). 

For any integer j > 1 , we have A i + 1 ■ 

Proof We first use induction on i to sh<£Pmat A^\j ) = j + i. For the base case, 
we have A^\j) = j = 7+0- F° r the iJitltagtive step, assume that Aq _1 \j) = 
j + (/ _ i). Then Af(J) = ^ 0 (4'~%')) X A' + (i + l = j+i. Finally, 
we note that AAj) = A ( J +l \j) = j + (j + §^2j + 1. ■ 

Lemma 21.3 • 

For any integer j > 1, we have A 2 (j : ) = 2 j+1 (j + l^Cp^l. 

a 

Proof We first use induction on i to show that ^4 ( 1 l) (_/') v 2> 2' (7 + 1) — 1. For 
the base case, we have Af (J) = j = 2°(j + 1) — 1. For the inductive step, 
assume that ^f _1) (j) = 2'" 1 0' + 1) - 1. Then Af{j) = A^A^Hj)) = 
A^T-^j + 1)-1) = 2-(2'-- I (; + l)-l) + l =2 i (; + l)-2+l = 2'(; + l)-l. 
Finally, we note that A 2 (J) = A[ J+1) (J) = 2 J+1 (j + 1) - 1. ■ 



Now we can see how quickly A k {j ) grows by simply examining A^X) for levels 
k = 0, 1, 2, 3, 4. From the definition of A 0 (k) and the above lemmas, we have 
,4 0 (1) = 1 + 1 = 2, Ai(l) = 2 ■ 1 + 1 = 3, and A 2 (l) = 2 1+1 • (1 + 1) - 1 = 7. 



and 
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We also have 

• M 3 (i) = 4 2) d) 

V) = A 2 (A 2 (l)) 

Mi) 

\>= 2 8 • 8 — 1 
& 2 n -l 
=£^2047 

A 4 (i) = A$(n 

= A 3 (2oh)>' 

= 4 2048) (20% 

» A 2 (2047) <J> 

= 2 2048 ■ 2048 - lO 

> 2 2048 ^ 

= (2 4 ) 512 

= 16 512 V 

» io 80 , o 

which is the estimated number of atoms ia^ne observable universe. (The symbol 
"J>>" denotes the "much-greater-than" relatiowji 

We define the inverse of the function ^4^(«^^integer n > 0, by 

a(n) = mm{k : A k {\) > n) . <A 

In words, a(n) is the lowest level k for which A^il) Is at least n. From the above 
values of A fe(l), we see that 

0 for 0 < n < 2 , ^ 

1 for n = 3 , 
a(«) = (2 for 4 < n < 7 , 

3 for 8 < « < 2047 , 

4 for 2048 < n < ^ 4 (1) . 

It is only for values of n so large that the term "astronomical" understates them 
(greater than ^4 4 (1), a huge number) that a{n) > 4, and so <x(n) < 4 for all 
practical purposes. 
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Properties of ranks 

In the remainder of this section, we prove an 0(ma(n)) bound on the running time 
^ >«?f the disjoint-set operations with union by rank and path compression. In order to 
vprove this bound, we first prove some simple properties of ranks. 

Leityha 21.4 

For a*U\hodes x, we have x.rank < x. p. rank, with strict inequality if x ^ x.p. 
The val^of x.rank is initially 0 and increases through time until x ^ x.p; from 
then on, x^pank does not change. The value of x.p. rank monotonically increases 
over time. \/ 

<> 

Proof The proofs a straightforward induction on the number of operations, us- 
ing the implementations of Make-Set, Union, and Find-Set that appear in 
Section 21.3. We leav^it as Exercise 21.4-1. ■ 

Corollary 21.5 K > 

As we follow the simple paovfrom any node toward a root, the node ranks strictly 
increase. >■ ^ ■ 

Lemma 21.6 ^) 

Every node has rank at most n — 1 . 

o 

Proof Each node's rank starts at 0, and^rt increases only upon Link operations. 
Because there are at most n — 1 UNlON^pjfations, there are also at most n — 1 
Link operations. Because each Link operation either leaves all ranks alone or 
increases some node's rank by 1, all ranks are"ffi-*iost n — 1. ■ 

Lemma 21.6 provides a weak bound on ranks.Chi fact, every node has rank at 
most [IgftJ (see Exercise 21.4-2). The looser bound of Lemma 21.6 will suffice 
for our purposes, however. 

% 

Proving the time bound \? 

We shall use the potential method of amortized analysis (see Section 17.3) to prove 
the 0(m a(n)) time bound. In performing the amortized analysis, we will find it 
convenient to assume that we invoke the Link operation rather than the Union 
operation. That is, since the parameters of the Link procedure are pointers to two 
roots, we act as though we perform the appropriate Find-Set operations sepa- 
rately. The following lemma shows that even if we count the extra Find -Set op- 
erations induced by UNION calls, the asymptotic running time remains unchanged. 
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Lemma 21.7 

Suppose we convert a sequence S' of m' Make-Set, Union, and Find-Set op- 
erations into a sequence S of m Make-Set, Link, and Find-Set operations by 
■Kmiing each Union into two Find-Set operations followed by a Link. Then, if 
se^^nce S runs in 0(m a(n)) time, sequence S' runs in 0(m' a(n)) time. 



Proop *Since each UNION operation in sequence S' is converted into three opera- 

k 



tions inN^rwe have m' < m < 3m'. Since m = 0(m'), an 0(m a(n)) time bound 

jnyecte 
sequence S'r . 



for the converted sequence S implies an 0(m' a{n)) time bound for the original 



In the remaiii'qer of this section, we shall assume that the initial sequence of m' 
Make-Set, Unii^, and Find-Set operations has been converted to a sequence 
of m Make-Set, and Find-Set operations. We now prove an 0(m a(n)) 

time bound for the co^erted sequence and appeal to Lemma 21.7 to prove the 
0(m' «(«)) running tim^of the original sequence of m' operations. 

Potential function Q N 

The potential function we use^ssigns a potential (p q {x) to each node x in the 
disjoint-set forest after q operatio*ns^We sum the node potentials for the poten- 
tial of the entire forest: <& q = where denotes the potential of the 
forest after q operations. The forest is empty prior to the first operation, and we 
arbitrarily set <I> 0 = 0. No potential <E> ? wilLever be negative. 

The value of (p q (x) depends on whethsj>r"is a tree root after the qth. operation. 
If it is, or if x.rank = 0, then <p q (x) = a -ank. 

Now suppose that after the qth. operation, ^sKiynot a root and that x.rank > 1. 
We need to define two auxiliary functions on x l@bre we can define (p q (x). First 
we define 

level(x) = max{k : x. p. rank > A k {x .rank)} . * ^ 

That is, level (x) is the greatest level k for which A k , aj@ied to x's rank, is no 
greater than x 's parent's rank. "<^A 
We claim that 

0 < level(jc) < a(n) , (21.1) 

which we see as follows. We have 

x. p. rank > x.rank + 1 (by Lemma 21.4) 

= A o (x . rank) (by definition of A 0 (J ') ) , 

which implies that level(x) > 0, and we have 



21.4 Analysis of union by rank with path compression 



577 



> x. p. rank (by Lemma 21.6) , 



A a ( n )(x .rank) > A a ^(l) (because Ak(j) is strictly increasing) 
> n (by the definition of a («)) 

^jch implies that level(x) < a(n). Note that because x. p. rank monotonically 
ses over time, so does level (jc). 
econd auxiliary function applies when x . rank > 1 : 

iter(x) ®max \i : x. p. rank > A^l el ^(x.rank)} . 

That is, iter^J is the largest number of times we can iteratively apply ^4i eve i( x ), 
applied initiatyyHo x 's rank, before we get a value greater than x 's parent's rank. 
We claim that^hen x.rank > 1, we have 

1 < iter(x) < x.rank . . (21.2) 
\ 

which we see as follow^We have 

x. p. rank > ;4 level ( x ) (xv&o&) (by definition of level (x)) 

= ^jeVe^x) ( x ■ (by definition of functional iteration) , 

which implies that iter(x) > 1, and we have 

A t^i"x) rl) i x - rank ) = A x ^ m +f{x^-ank) (by definition of A k (j )) 

> x. p. rank Q (by definition of level (x)) , 



which implies that iter(x) < x.rank. NbteJ.hat because x. p. rank monotonically 
increases over time, in order for iter(x) to decrease, level(x) must increase. As long 
as level(x) remains unchanged, iter(x) mustsither increase or remain unchanged. 

With these auxiliary functions in place, we Qre ady to define the potential of 
node x after q operations: C 



a(n) ■ x.rank if x is(tTr,oot or x.rank = 0 , 

(a(n) — \eve\(x))- x.rank — iter(x) if x is n^F^ root and x.rank > 1 . 



<p q (x) ■- 

We next investigate some useful properties of node potent! 



Lemma 21.8 

For every node x, and for all operation counts q, we have 
0 < 0 9 (x) < a(n) ■ x.rank . 
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Proof If x is a root or x . rank — 0, then (p q (x) = a(n)-x. rank by definition. Now 
suppose that x is not a root and that x . rank > 1 . We obtain a lower bound on (p q (x ) 
^by maximizing level(x) and iter(x). By the bound (21.1), level(x) < a(n) — 1, and 
fe^the bound (21.2), iter(x) < x.rank. Thus, 

0? < ^V<> = ( a ( n ) — l eve l (x)) ■ x.rank — iter (x ) 
\0> (a (n) — (a (n) — 1)) ■ x.rank — x.rank 



Similarly, we^tain an upper bound on (p q {x) by minimizing level (x) and iter(x). 
By the bound \%§X), level(x) > 0, and by the bound (21.2), iter(x) > 1. Thus, 

<Pq(x) — (oe (nfQj& • x.rank — 1 
= a(n) ■ x.ranjt — 1 

< a(n)-x.ran&\ ■ 
Corollary 21.9 (A 

If node x is not a root and x.ra(fl§> 0, then (p q (x) < a(n) ■ x.rank. m 
Potential changes and amortized costs>)f operations 

We are now ready to examine how the di^glnt-set operations affect node potentials. 
With an understanding of the change in .potential due to each operation, we can 
determine each operation's amortized cost. 

Lemma 21.10 r\ 

Let x be a node that is not a root, and suppose uw<the gth operation is either a 
Link or Find-Set. Then after the gth operation, <p 9 (x) < 4> q _i{x). Moreover, if 
x.rank > 1 and either level(x) or iter(x) changes due/te the gfh operation, then 
4>q(x) < (j) q -.\(x) — 1. That is, x's potential cannot increase, and if it has positive 
rank and either level(x) or iter(x) changes, then x's potenriaUdrops by at least 1. 

Proof Because x is not a root, the gth operation does not change x.rank, and 
because n does not change after the initial n Make-Set operations, a(n) remains 
unchanged as well. Hence, these components of the formula for x 's potential re- 
main the same after the gth operation. If x.rank = 0, then (p q (x) = (/> 9 _!(x) = 0. 
Now assume that x . rank > 1 . 

Recall that level(x) monotonically increases over time. If the gfh operation 
leaves level (x) unchanged, then iter(x) either increases or remains unchanged. 
If both level(x) and iter(x) are unchanged, then 0 9 (x) = 0 9 _j(x). If level(x) 
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is unchanged and iter(x) increases, then it increases by at least 1, and so 

4>q(x) < (j)q-i(x) - 1. 

^\ Finally, if the qth operation increases level (x), it increases by at least 1, so that 
•Sme value of the term (a(n) — level(x)) ■ x.rank drops by at least x.rank. Be- 
craftse level(x) increased, the value of iter(x) might drop, but according to the 
bou™ (21.2), the drop is by at most x.rank — 1. Thus, the increase in poten- 
tial tujE* to the change in iter(x) is less than the decrease in potential due to the 
change «v level (x), and we conclude that 0 9 (x) < 0 ? _x(x) — 1. ■ 

v> 

Our finaHhree lemmas show that the amortized cost of each Make-Set, Link, 
and FiND-S*€T£)peration is 0(a(n)). Recall from equation (17.2) that the amor- 
tized cost of eqeh operation is its actual cost plus the increase in potential due to 
the operation. 

<\. 

Lemma 21.11 \/ 

The amortized cost of ^Sh Make- Set operation is 0(1). 

Proof Suppose that the^^tKoperation is Make-Set(x). This operation creates 
node x with rank 0, so that (fojfoc) = 0. No other ranks or potentials change, and 
so 3> ? = <E> ? _ X . Noting that the actual cost of the Make-Set operation is 0(1) 
completes the proof. * ■ 

Lemma 21.12 ^\ 

The amortized cost of each Link operWin is 0(a(n)). 




Proof Suppose that the qth operation is Bj%c(x, y). The actual cost of the Link 
operation is 0(1). Without loss of generali^juppose that the Link makes y the 
parent of x. Q 

To determine the change in potential due to Link, we note that the only 
nodes whose potentials may change are x, y, and fhg children of y just prior to the 
operation. We shall show that the only node whose jrOtential can increase due to 
the Link is y, and that its increase is at most a(n): Q 

• By Lemma 21.10, any node that is _y's child just befofe^he Link cannot have 
its potential increase due to the Link. 

• From the definition of (p g (x), we see that, since x was a root just before the gth 
operation, 0 ? _ x (x) = a(n)-x.rank. If x.rank = 0, then0 ? (x) = <j> q -\(x) = 0. 
Otherwise, 

4> q {.x) < a(n) ■ x.rank (by Corollary 21.9) 

= 09-1 00, 

and so x 's potential decreases. 
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• Because y is a root prior to the Link, 4> q -i(y) = oi(n) ■ y.rank. The Link 
operation leaves y as a root, and it either leaves y 's rank alone or it increases y 's 
^ rank by 1. Therefore, either (p q {y) = <p q -\(y) or 4> q (y) = <p q -i(y) + a(n). 

v-The increase in potential due to the Link operation, therefore, is at most a(n). 
TlQ^^ortized cost of the Link operation is 0(1) + a(n) = 0(a(n)). ■ 

Lemm^)1.13 

The amoi^ed cost of each Find-Set operation is 0(a(n)). 

Proof Suppo^'that the gth operation is a Find -Set and that the find path con- 
tains s nodes, v^ffae actual cost of the Find-Set operation is 0{s). We shall 
show that no ndoefa potential increases due to the Find-Set and that at least 
max(0, s — (a(n) ^fv2Q) nodes on the find path have their potential decrease by 
at least 1. \* 

To see that no node's pp(jential increases, we first appeal to Lemma 21.10 for all 
nodes other than the rootSlf>x is the root, then its potential is a(n) ■ x.rank, which 
does not change. 

Now we show that at leaskmax(0, s — (a(n) + 2)) nodes have their potential 
decrease by at least 1. Let x s^a node on the find path such that x.rank > 0 
and x is followed somewhere on tiie jpd path by another node y that is not a root, 
where level(_y) = level(x) just bef6©the Find-Set operation. (Node y need not 
immediately follow x on the find pathS^All but at most a(n) + 2 nodes on the find 
path satisfy these constraints on x. ThosQmt do not satisfy them are the first node 
on the find path (if it has rank 0), the last^ptie on the path (i.e., the root), and the 
last node w on the path for which level(u>) =\£\ for each k = 0, 1, 2, . . . , a(n) — 1. 

Let us fix such a node x, and we shall sho>^that x's potential decreases by at 
least 1. Let k = level (x) = level(j). Just prior t^Tljie path compression caused by 
the Find-Set, we have <A 

x. p. rank > A^ 1 ^ (x.rank) (by definition of iter(x)) , 

y. p. rank > A^iy .rank) (by definition of levei^D , 

y.rank > x. p. rank (by Corollary 21.5 and bepause 

y follows x on the fif£r path) . 

Putting these inequalities together and letting i be the value of iter(x) before path 
compression, we have 

y. p. rank > A^iy .rank) 



> 
> 



A^ix .p .rank) (because Ak(j) is strictly increasing) 
A k (Af er(x)) (x.rank)) 
A ( l + l) (x.rank) . 
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Because path compression will make x and y have the same parent, we know 
that after path compression, x. p. rank = y. p. rank and that the path compression 
^\ does not decrease y. p. rank. Since x.rank does not change, after path compression 
v^e have that x. p. rank > A^ +1 \x.rank). Thus, path compression will cause ei- 



t^r^Jr iter(x) to increase (to at least i + 1) or level (x) to increase (which occurs if 
itei?ra) increases to at least x.rank + 1). In either case, by Lemma 21.10, we have 
(/>q(x]^£ <Pq-i(x) — 1- Hence, x's potential decreases by at least 1. 

The amortized cost of the Find -Set operation is the actual cost plus the change 
in potent^k The actual cost is 0{s), and we have shown that the total potential 
decreases tSy at least max(0, s — (u(n) + 2)). The amortized cost, therefore, is at 
most 0(s) ip<r + 2)) = 0{s) — s + 0(a(n)) = 0(a(n)), since we can 
scale up the unrre^f potential to dominate the constant hidden in O(s). m 

Putting the lemmas together yields the following theorem. 

Theorem 21.14 

A sequence of m Make<^pt, Union, and Find-Set operations, n of which are 
Make-Set operations, ca^be performed on a disjoint-set forest with union by 
rank and path compression in^prst-case time 0(m a(n)). 

Proof Immediate from Leirimas^2^.7, 21.11, 21.12, and 21.13. ■ 

x 

Exercises Q 

21.4-1 & 

Prove Lemma 2 1 .4. u\ 

21.4-2 O 

Prove that every node has rank at most [lg « J • 

21.4-3 * 0 

In light of Exercise 21.4-2, how many bits are necessary-Jo store x.rank for each 

k> 

21.4-4 

Using Exercise 21.4-2, give a simple proof that operations on a disjoint-set forest 
with union by rank but without path compression run in 0(m lg n) time. 

21.4-5 

Professor Dante reasons that because node ranks increase strictly along a simple 
path to the root, node levels must monotonically increase along the path. In other 



node x? 
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words, if x.rank > 0 and x.p is not a root, then level(x) < level (x.p). Is the 
« professor coiTect? 

Consider the function a'(«) = min{/c : A k (l) > \g(n + 1)}. Show that a'(n) < 3 
forml^ractical values of n and, using Exercise 21.4-2, show how to modify the 
potentfakfunction argument to prove that we can perform a sequence of m Make- 
Set, Untqn, and Find-Set operations, n of which are Make-Set operations, on 
a disjoint^set forest with union by rank and path compression in worst-case time 
0(m a'(«)V v. 

\ 

^ 



Problems 



21-1 Off-line minimum^ 

The off-line minimum problem asks us to maintain a dynamic set T of elements 
from the domain {1,2,... Joinder the operations INSERT and Extract-Min. 
We are given a sequence 5 oiadvNSERT and m Extract-Min calls, where each 
key in {1,2, ... ,«} is inserted\xactly once. We wish to determine which key 
is returned by each EXTRACT-MlN^ll. Specifically, we wish to fill in an array 
extracted[\ ..m], where for i = Y?z, .y ,m, extracted[i] is the key returned by 
the z'th Extract-Min call. The problem is "off-line" in the sense that we are 
allowed to process the entire sequence >-pefore determining any of the returned 
keys. vj"^ 

a. In the following instance of the off-line< < i@iimum problem, each operation 
Insert (?) is represented by the value of i @1 each Extract-Min is rep- 
resented by the letter E: ^ 

4,8,E,3,E,9,2,6,E,E,E, 1,7,E,5 . * q 

Fill in the correct values in the extracted array. 

To develop an algorithm for this problem, we break the sequence S into homoge- 
neous subsequences. That is, we represent 5* by 

Ii,E,I 2 ,E,I 3 , . . . ,I m ,E,I m+1 , 

where each E represents a single Extract-Min call and each I ; represents a (pos- 
sibly empty) sequence of INSERT calls. For each subsequence lj, we initially place 
the keys inserted by these operations into a set Kj , which is empty if I, is empty. 
We then do the following: 
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Off-Line-Minimum (m,n) 

1 for i = 1 to n 

determine j such that i e Kj 
if j ^ m + 1 
4^) v extracted[j] = i 

5 let / be the smallest value greater than j 

for which set Ki exists 

6 0 K, = Kj U K h destroying ^ 7 

7 returfrWracfet/ 

V' 

ft. Argue tha^&p array extracted returned by Off-Line-Minimum is correct. 

c. Describe how^txvimplement Off-Line-Minimum efficiently with a disjoint- 
set data structure. Give a tight bound on the worst-case running time of your 
implementation. \ ^ 

21-2 Depth determina^fhjy 

In the depth-determinatioiKproblem, we maintain a forest 3< = {T,} of rooted 
trees under three operations: O 

Make-Tree (v) creates a tree wb^f^ only node is v. 

Find-Depth (v) returns the depth o^node v within its tree. 

Graft (r, v) makes node r, which is assumed to be the root of a tree, become the 
child of node v, which is assumed to bj>m a different tree than r but may or may 
not itself be a root. 

a. Suppose that we use a tree representation ^ni^ilar to a disjoint-set forest: v.p 
is the parent of node v, except that v.p = i^rf v is a root. Suppose further 
that we implement Graft (r, v) by setting r.p = v and Find-Depth (v) by 
following the find path up to the root, returning a cotmt of all nodes other than v 
encountered. Show that the worst-case running time of~a sequence of m Make- 
Tree, Find-Depth, and Graft operations is &(m%\ 

By using the union-by-rank and path-compression heuristics, we can reduce the 
worst-case running time. We use the disjoint-set forest S = {5, }, where each 
set Si (which is itself a tree) corresponds to a tree 7} in the forest !F. The tree 
structure within a set 5 1 , , however, does not necessarily correspond to that of T t . In 
fact, the implementation of S, does not record the exact parent-child relationships 
but nevertheless allows us to determine any node's depth in T t . 

The key idea is to maintain in each node v a "pseudodistance" v.d, which is 
defined so that the sum of the pseudodistances along the simple path from v to the 
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root of its set S, equals the depth of v in 7) . That is, if the simple path from v to its 
root in 5 1 , is v 0 , V\ , . . . , v^, where v 0 = v and is S, 's root, then the depth of v 

«r Give an implementation of Make-Tree. 

c. Sf^pw how to modify Find-Set to implement Find-Depth. Your implemen- 
tati<^should perform path compression, and its running time should be linear 
in the^ngfh of the find path. Make sure that your implementation updates 
pseudodfst&nces correctly. 

V 

d. Show how {©^implement GRAFT(r, v), which combines the sets containing r 
and v, by mtfgiiVing the Union and Link procedures. Make sure that your 
implementatiornip^ates pseudodistances correctly. Note that the root of a set 

is not necessarilyxhey.oot of the corresponding tree T t . 

e. Give a tight bound oA worst-case running time of a sequence of m Make- 
Tree, Find-Depth, anpXjRAFT operations, n of which are Make-Tree op- 
erations. 

21-3 Tarjan's off-line least-common-ancestors algorithm 
The least common ancestor of two v @les u and v in a rooted tree T is the node w 
that is an ancestor of both u and v an<i that has the greatest depth in T. In the 
off-line least-common-ancestors problejjfy, we are given a rooted tree T and an 
arbitrary set P = {{m, v}} of unordered pa(ff^of nodes in T, and we wish to deter- 
mine the least common ancestor of each paiij^ P . 

To solve the off-line least-common-ancestorsrWoblem, the following procedure 
performs a tree walk of T with the initial call LOA{T.root). We assume that each 
node is colored WHITE prior to the walk. 

LCA(u) • 

1 Make-Set(m) 

2 FIND -Set(m). ancestor = u 

3 for each child v of u in T 

4 LCA(v) 

5 Union(u,v) 

6 FIND -Set(m). ancestor = u 
1 u. color = BLACK 

8 for each node v such that {u, v} e P 

9 if v. color == BLACK 

10 print "The least common ancestor of" 

u "and" v "is" Find-Set(v). ancestor 
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a. Argue that line 10 executes exactly once for each pah - {u, v} e P. 

b. Argue that at the time of the call LCA(w), the number of sets in the disjoint-set 
data structure equals the depth of u in T, 

c^B&ve that LCA correctly prints the least common ancestor of u and v for each 
{u, v} e P. 




d. Ana^e the running time of LCA, assuming that we use the implementation of 
the diSlomt-set data structure in Section 21.3. 

% 

* 

Chapter notes \y 

Many of the important results for disjoint-set data structures are due at least in part 
to R. E. Tarjan. Using^aggregate analysis, Tarjan [328, 330] gave the first tight 
upper bound in terms of m^very slowly growing inverse a(m,n) of Ackermann's 
function. (The function A$j) given in Section 21.4 is similar to Ackermann's 
function, and the function a ((^5) is similar to the inverse. Both a(n) and a(m,n) 
are at most 4 for all conceivable^ values of m and n.) An 0(m lg* n) upper bound 
was proven earlier by Hopcroft anrfftJllman [5, 179]. The treatment in Section 21.4 
is adapted from a later analysis by T^p?j&n [332], which is in turn based on an anal- 
ysis by Kozen [220]. Harfst and Reing^d [161] give a potential -based version of 
Tarjan's earlier bound. r\ 

Tarjan and van Leeuwen [333] discusVraH^nts on the path-compression heuris- 
tic, including "one-pass methods," which srajtetimes offer better constant factors 
in their performance than do two-pass mefhocK->As with Tarjan's earlier analyses 
of the basic path-compression heuristic, the analyses by Tarjan and van Leeuwen 
are aggregate. Harfst and Reingold [161] later showed how to make a small change 
to the potential function to adapt their path-compresSion analysis to these one-pass 
variants. Gabow and Tarjan [121] show that in certain^apElications, the disjoint-set 
operations can be made to run in 0(m) time. ^-~a 

Tarjan [329] showed that a lower bound of Q.(m a(m,*n) time is required for 
operations on any disjoint-set data structure satisfying certain technical conditions. 
This lower bound was later generalized by Fredman and Saks [113], who showed 
that in the worst case, Q.(ma(m,n)) (lg n)-bit words of memory must be accessed. 
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Introduction s\ 

Graph problems pervade computer science, and algorithms for working with them 
are fundamental to the field, Jfundreds of interesting computational problems are 
couched in terms of graphs. In this part, we touch on a few of the more significant 
ones. 



Chapter 22 shows how we can represent a graph in a computer and then discusses 
algorithms based on searching a graph-using either breadth-first search or depth- 
first search. The chapter gives two apph&ations of depth-first search: topologically 
sorting a directed acyclic graph and decsuappsing a directed graph into its strongly 
connected components. sK 

Chapter 23 describes how to compute ^minimum-weight spanning tree of a 
graph: the least-weight way of connecting all ©the vertices together when each 
edge has an associated weight. The algorithms fo^ computing minimum spanning 
trees serve as good examples of greedy algorithms (see Chapter 16). 

Chapters 24 and 25 consider how to compute shofietet paths between vertices 
when each edge has an associated length or "weight." Q^apter 24 shows how to 
find shortest paths from a given source vertex to all other , <$lkices, and Chapter 25 
examines methods to compute shortest paths between every sair of vertices. 

Finally, Chapter 26 shows how to compute a maximum flow of material in a flow 
network, which is a directed graph having a specified source vertex of material, a 
specified sink vertex, and specified capacities for the amount of material that can 
traverse each directed edge. This general problem arises in many forms, and a 
good algorithm for computing maximum flows can help solve a variety of related 
problems efficiently. 
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When we characterize the running time of a graph algorithm on a given graph 
G = (V, E), we usually measure the size of the input in terms of the number of 
•^ertices \V\ and the number of edges \E\ of the graph. That is, we describe the 
of the input with two parameters, not just one. We adopt a common notational 
cow^ntion for these parameters. Inside asymptotic notation (such as O-notation 
or ^rotation), and only inside such notation, the symbol V denotes \V\ and 
the syrT^pl E denotes \E\. For example, we might say, "the algorithm runs in 
time O^VsK)" meaning that the algorithm runs in time \ E\). This conven- 

tion makes the running-time formulas easier to read, without risk of ambiguity. 

Another convention we adopt appears in pseudocode. We denote the vertex set 
of a graph G ByG. V and its edge set by G.E. That is, the pseudocode views vertex 
and edge sets as ^tributes of a graph. 

O 

X 



22 • _ Elementary Graph Algorithms 

This chapter presents methods for representing a graph and for searching a graph. 
Searching a grapn i^ans systematically following the edges of the graph so as to 
visit the vertices of the* graph. A graph-searching algorithm can discover much 
about the structure 01 a^raph. Many algorithms begin by searching their input 
graph to obtain this stroctjjral information. Several other graph algorithms elabo- 
rate on basic graph searching^ Techniques for searching a graph lie at the heart of 
the field of graph algorithms. 

Section 22.1 discusses the wo most common computational representations of 
graphs: as adjacency lists and a» adjacency matrices. Section 22.2 presents a sim- 
ple graph-searching algorithm caU&fr breadth-first search and shows how to cre- 
ate a breadth-first tree. Section 22.^presents depth-first search and proves some 
standard results about the order in wl@h depth-first search visits vertices. Sec- 
tion 22.4 provides our first real applicatio((paf depth-first search: topologically sort- 
ing a directed acyclic graph. A second applq^tion of depth-first search, finding the 
strongly connected components of a directed^aph, is the topic of Section 22.5. 

% 

22.1 Representations of graphs , 

o 

We can choose between two standard ways to represe@ a graph G = (V, E): 
as a collection of adjacency lists or as an adjacency mat^ Either way applies 
to both directed and undirected graphs. Because the adjacency-list representation 
provides a compact way to represent sparse graphs— those for which \E\ is much 
less than |K| 2 — it is usually the method of choice. Most of the graph algorithms 
presented in this book assume that an input graph is represented in adjacency- 
list form. We may prefer an adjacency-matrix representation, however, when the 
graph is dense— \E\ is close to \ V\ —or when we need to be able to tell quickly 
if there is an edge connecting two given vertices. For example, two of the all-pahs 
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and 7 edges, (b) A 



1 2 3 4 5 

1 |~0 1 0 0 f 

2 10 111 

3 0 10 10 

4 0 110 1 

5 110 10 

(c) 



'wjj)representations of an undirected graph, (a) An undirected graph G with 5 vertices 
djacency-list representation of G. (c) The adjacency-matrix representation 
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Figure 22.2 Two representations of a directed gffcptT La) A directed graph G with 6 vertices and 8 
edges, (b) An adjacency-list representation of G. (c) "Nafc adjacency-matrix representation of G. 

shortest-paths algorithms presented in Chapter ume that their input graphs 
are represented by adjacency matrices. C 

The adjacency-list representation of a graph G ■= (V, E) consists of an ar- 
ray Adj of |V| lists, one for each vertex in V. For eachQ<>e V, the adjacency list 
Ag?/'[w] contains all the vertices v such that there is an ed@ (w, v) € E. That is, 
A4/[m] consists of all the vertices adjacent to u in G. (AlterrT$jyely, it may contain 
pointers to these vertices.) Since the adjacency lists represent the edges of a graph, 
in pseudocode we treat the array Adj as an attribute of the graph, just as we treat 
the edge set E. In pseudocode, therefore, we will see notation such as G.Adj[u]. 
Figure 22.1(b) is an adjacency-list representation of the undirected graph in Fig- 
ure 22.1(a). Similarly, Figure 22.2(b) is an adjacency-list representation of the 
directed graph in Figure 22.2(a). 

If G is a directed graph, the sum of the lengths of all the adjacency lists is \E\, 
since an edge of the form (u, v) is represented by having v appear in A<i/'[w]. If G is 
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an undirected graph, the sum of the lengths of all the adjacency lists is 2 1 E \ , since 
if (u, v) is an undirected edge, then u appears in v's adjacency list and vice versa. 
\§\ For both directed and undirected graphs, the adjacency-list representation has the 
v^oesirable property that the amount of memory it requires is &(V + E). 

oWe can readily adapt adjacency lists to represent weighted graphs, that is, graphs 
foryWiich each edge has an associated weight, typically given by a weight function 
w M. For example, let G = (V, E) be a weighted graph with weight 

functibnow;. We simply store the weight w(u,v) of the edge (u,v) e E with 
vertex v-mzu's adjacency list. The adjacency-list representation is quite robust in 
that we can rnpdify it to support many other graph variants. 

A potentrM disadvantage of the adjacency-list representation is that it provides 
no quicker waylQ determine whether a given edge (u, v) is present in the graph 
than to search fo&vdn the adjacency list A<i/'[w]. An adjacency-matrix representa- 
tion of the graph remedies this disadvantage, but at the cost of using asymptotically 
more memory. (See l^ercise 22.1-8 for suggestions of variations on adjacency lists 
that permit faster edge (pokup.) 

For the adjacency -mamk representation of a graph G = (V, E), we assume 
that the vertices are numbered 1,2, . . . , \ V\ in some arbitrary manner. Then the 
adjacency-matrix representat(S^ of a graph G consists of a \V\ x \V\ matrix 
A = (ciij) such that . 

( 1 if (i, j)eE, O v 
| 0 otherwise . N q 

Figures 22.1(c) and 22.2(c) are the adja@jcy matrices of the undirected and di- 
rected graphs in Figures 22.1(a) and 22.2(a^espectively. The adjacency matrix of 
a graph requires ®(V 2 ) memory, independe^^ the number of edges in the graph. 

Observe the symmetry along the main diago^raj of the adjacency matrix in Fig- 
ure 22.1(c). Since in an undirected graph, (u,v)X^nd (v,u) represent the same 
edge, the adjacency matrix A of an undirected graph is its own transpose: A = A T . 
In some applications, it pays to store only the entries aft.and above the diagonal of 
the adjacency matrix, thereby cutting the memory neeaea-to store the graph almost 
in half. ^ 



Like the adjacency-list representation of a graph, an adjacency matrix can repre- 
sent a weighted graph. For example, if G = (V, E) is a weighted graph with edge- 
weight function w, we can simply store the weight w(u, v) of the edge (m, v) € E 
as the entry in row u and column v of the adjacency matrix. If an edge does not 
exist, we can store a NIL value as its corresponding matrix entry, though for many 
problems it is convenient to use a value such as 0 or oo. 

Although the adjacency-list representation is asymptotically at least as space- 
efficient as the adjacency-matrix representation, adjacency matrices are simpler, 
and so we may prefer them when graphs are reasonably small. Moreover, adja- 
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cency matrices carry a further advantage for unweighted graphs: they require only 
one bit per entiy. 

Kjjfciresenting attributes 

Mo^^igorithms that operate on graphs need to maintain attributes for vertices 
and/oi^edges. We indicate these attributes using our usual notation, such as v.d 
for an atnibute d of a vertex v. When we indicate edges as pairs of vertices, we 
use the sairfeiStyle of notation. For example, if edges have an attribute /, then we 
denote this attribute for edge (u, v) by (u, v).f. For the purpose of presenting and 
understandingXalgorithms, our attribute notation suffices. 

Implementing\yertex and edge attributes in real programs can be another story 
entirely. There is best way to store and access vertex and edge attributes. 

For a given situatio](Pyour decision will likely depend on the programming lan- 
guage you are using, th^algorithm you are implementing, and how the rest of your 
program uses the graph, ^fyou represent a graph using adjacency lists, one design 
represents vertex attributes^ additional arrays, such as an array d[l . . \ V\] that 
parallels the Adj array. If the ^eStices adjacent to u are in At//'[w], then what we call 
the attribute u.d would actually^ stored in the array entry d[u]. Many other ways 
of implementing attributes are possible. For example, in an object-oriented pro- 
gramming language, vertex attribut^ might be represented as instance variables 
within a subclass of a Vertex class. 

o 

Exercises 

22.1-1 ^SK 

Given an adjacency-list representation of a directed graph, how long does it take 
to compute the out-degree of every vertex? Howvkmg does it take to compute the 
in-degrees? \ 

22.1-2 * Q 

Give an adjacency-list representation for a complete binarvTijee on 7 vertices. Give 
an equivalent adjacency-matrix representation. Assume thaW^rtices are numbered 
from 1 to 7 as in a binary heap. * 

22.1-3 

The transpose of a directed graph G = (V, E) is the graph G T = (V, E T ), where 
E T = {(v, u) 6 V x V : (u, v) £ E). Thus, G T is G with all its edges reversed. 
Describe efficient algorithms for computing G T from G, for both the adjacency- 
list and adjacency-matrix representations of G. Analyze the running times of your 
algorithms. 
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22.1-4 

Given an adjacency-list representation of a multigraph G = (V, E), describe an 
^\ 0(V + £')-time algorithm to compute the adjacency-list representation of the 
V^quivalent" undirected graph G' = (V, E'), where E' consists of the edges in E 
with all multiple edges between two vertices replaced by a single edge and with all 
ops removed. 

22.1-9 

The square of a directed graph G = (V, E) is the graph G 2 = (V, E 2 ) such that 
(u, v) € Epii and only G contains a path with at most two edges between u and v. 
Describe efficient algorithms for computing G 2 from G for both the adjacency- 
list and adjace^V-matrix representations of G. Analyze the running times of your 
algorithms. tj^ 

22.1-6 V>* 

Most graph algorithms^^$iat take an adjacency-matrix representation as input re- 
quire time Q(V 2 ), but theife are some exceptions. Show how to determine whether 
a directed graph G contains^iimversa/ sink— a vertex with in-degree | V \ — 1 and 
out-degree 0— in time G(V; 5 ^'e n an adjacency matrix for G. 

22.1-7 • > 

The incidence matrix of a direc© graph G = (V, E) with no self-loops is a 
| V | x | E | matrix B = (6y ) such tha^ 

o 

- 1 if edge j leaves vertex i >^£^ 
bjj = O if edge j enters vertex i , 
0 otherwise . 



Describe what the entries of the matrix produerW? T represent, where B T is the 
transpose of B. 

22.1-8 O 

Suppose that instead of a linked list, each array entry AdJ\y) \js a hash table contain- 
ing the vertices v for which (u, v) 6 E. If all edge lookup&ajfe equally likely, what 
is the expected time to determine whether an edge is in the graph? What disadvan- 
tages does this scheme have? Suggest an alternate data structure for each edge list 
that solves these problems. Does your alternative have disadvantages compared to 
the hash table? 
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22.2 Br^dth-first search 

^< 

pitadth-first search is one of the simplest algorithms for searching a graph and 
th^^rchetype for many important graph algorithms. Prim's minimum-spanning- 
tree algorithm (Section 23.2) and Dijkstra's single-source shortest-paths algorithm 
(Sectio^4.3) use ideas similar to those in breadth-first search. 

Given ^graph G = (V, E) and a distinguished source vertex s, breadth-first 
search systematically explores the edges of G to "discover" every vertex that is 
reachable frojn>£. It computes the distance (smallest number of edges) from s 
to each reachat^LeV vertex. It also produces a "breadth-first tree" with root s that 
contains all reachable vertices. For any vertex v reachable from s, the simple path 
in the breadth-firsHr^ from s to v corresponds to a "shortest path" from s to v 
in G, that is, a path containing the smallest number of edges. The algorithm works 
on both directed and undh»cted graphs. 

Breadth-first search is so named because it expands the frontier between discov- 
ered and undiscovered vern^e^uniformly across the breadth of the frontier. That 
is, the algorithm discovers alkvertices at distance k from s before discovering any 
vertices at distance k + 1. 

To keep track of progress, breadth-first search colors each vertex white, gray, or 
black. All vertices start out white ^©1 may later become gray and then black. A 
vertex is discovered the first time it is ^countered during the search, at which time 
it becomes nonwhite. Gray and black vertices, therefore, have been discovered, but 
breadth-first search distinguishes between (ffifcm to ensure that the search proceeds 
in a breadth-first manner. 1 If (u, v) e E vertex u is black, then vertex v 
is either gray or black; that is, all vertices a^j^ent to black vertices have been 
discovered. Gray vertices may have some adjac^rr^ white vertices; they represent 
the frontier between discovered and undiscovered varices. 

Breadth-first search constructs a breadth-first tree, initially containing only its 
root, which is the source vertex s. Whenever the search discovers a white vertex v 
in the course of scanning the adjacency list of an already discovered vertex u, the 
vertex v and the edge (u, v) are added to the tree. We say matJf is the predecessor 
or parent of v in the breadth-first tree. Since a vertex is discovered at most once, it 
has at most one parent. Ancestor and descendant relationships in the breadth-first 
tree are defined relative to the root s as usual: if u is on the simple path in the tree 
from the root s to vertex v, then u is an ancestor of v and v is a descendant of u. 



We distinguish between gray and black vertices to help us understand how breadth-first search op- 
erates. In fact, as Exercise 22.2-3 shows, we would get the same result even if we did not distinguish 
between gray and black vertices. 
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The breadth-first-search procedure BFS below assumes that the input graph 
G = (V, E) is represented using adjacency lists. It attaches several additional 
^\ attributes to each vertex in the graph. We store the color of each vertex u e V 
•Sm the attribute u. color and the predecessor of u in the attribute u.jt. If u has no 
jw&decessor (for example, if u = s or u has not been discovered), then u.n = NIL. 
ThV^tribute u . d holds the distance from the source s to vertex u computed by the 
algorithm. The algorithm also uses a first-in, first-out queue Q (see Section 10.1) 
to manage the set of gray vertices. 



BFS(G,5>\. 

1 for each^drtex u e G. V — {s} 

2 u. color ^ white 

3 u.d — T>Q\ 

4 u.n = NIL y 

5 s. color = GRAY v- 

6 s.d = 0 C v 

7 s.n = NIL V\, 

8 Q = 0 O 

9 ENQUEUE(g,s) 0 

10 while . > 

11 W = DEQUEUE(g) tj . 

12 for each v € G.Adj[u] 

13 if v. color == WHITE Q 

14 v. color = GRAY 

15 v.<i = u.d + 1 

16 V.Tt = u 

17 ENQUEUE(g,v) Q 

18 u. color = BLACK 

Figure 22.3 illustrates the progress of BFS on a sairfple^graph. 

The procedure BFS works as follows. With the exception of the source vertex s, 
lines 1-4 paint every vertex white, set u.d to be infinity wp>each vertex u, and set 
the parent of every vertex to be NIL. Line 5 paints s gray, si4^ we consider it to be 
discovered as the procedure begins. Line 6 initializes s.d to 0, and line 7 sets the 
predecessor of the source to be NIL. Lines 8-9 initialize Q to the queue containing 
just the vertex s. 

The while loop of lines 10-18 iterates as long as there remain gray vertices, 
which are discovered vertices that have not yet had their adjacency lists fully ex- 
amined. This while loop maintains the following invariant: 



At the test in line 10, the queue Q consists of the set of gray vertices. 
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Figure 22.3 The operation of BFS on an undirected graph. 35^e edges are shown shaded as they 
are produced by BFS. The value of u.d appears within each vertex u. The queue Q is shown at the 
beginning of each iteration of the while loop of lines 10-18. Verftx distances appear below vertices 
in the queue. 

Although we won't use this loop invariant to prove correctrfpfcs, it is easy to see 
that it holds prior to the first iteration and that each iteration of the loop maintains 
the invariant. Prior to the first iteration, the only gray vertex, and the only vertex 
in Q, is the source vertex s. Line 11 determines the gray vertex u at the head of 
the queue Q and removes it from Q. The for loop of lines 12-17 considers each 
vertex v in the adjacency list of u. If v is white, then it has not yet been discovered, 
and the procedure discovers it by executing lines 14-17. The procedure paints 
vertex v gray, sets its distance v . d to u . d + 1 , records u as its parent v. it, and places 
it at the tail of the queue Q . Once the procedure has examined all the vertices on u 's 
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adjacency list, it blackens u in line 18. The loop invariant is maintained because 
whenever a vertex is painted gray (in line 14) it is also enqueued (in line 17), and 
whenever a vertex is dequeued (in line 1 1) it is also painted black (in line 18). 

The results of breadth-first search may depend upon the order in which the neigh- 
btsta of a given vertex are visited in line 12: the breadth-first tree may vary, but the 
disfdnces d computed by the algorithm will not. (See Exercise 22.2-5.) 

Analys^) 

Before proving, the various properties of breadth-first search, we take on the some- 
what easierpb^of analyzing its running time on an input graph G = (V, E). We 
use aggregate asralysis, as we saw in Section 17.1. After initialization, breadth-first 
search never wMuens, a vertex, and thus the test in line 1 3 ensures that each vertex 
is enqueued at mo^tonce, and hence dequeued at most once. The operations of 
enqueuing and dequ^tfing take 0(1) time, and so the total time devoted to queue 
operations is 0(V). Because the procedure scans the adjacency list of each vertex 
only when the vertex is dequeued, it scans each adjacency list at most once. Since 
the sum of the lengths of a|TMhe adjacency lists is ©(£), the total time spent in 
scanning adjacency lists is (KE). The overhead for initialization is 0(V), and 
thus the total running time of the BFS procedure is 0(V + E). Thus, breadth-first 
search runs in time linear in the si^of the adjacency-list representation of G. 

x 

Shortest paths Q 

At the beginning of this section, we claisr^e^ that breadth-first search finds the dis- 
tance to each reachable vertex in a graph <Sj=5 (K, E) from a given source vertex 
s € V. Define the shortest-path distance <5(S\m4 from s to v as the minimum num- 
ber of edges in any path from vertex s to verte£j);jf there is no path from s to v, 
then 8(s, v) = oo. We call a path of length S(s(v) from s to v a shortest path 2 
from s to v. Before showing that breadth-first searcb correctly computes shortest- 
path distances, we investigate an important property o^shortest-path distances. 

I ^ 

In Chapters 24 and 25, we shall generalize our study of shortest paths to weighted graphs, in which 

every edge has a real-valued weight and the weight of a path is the sum of the weights of its con- 
stituent edges. The graphs considered in the present chapter are unweighted or, equivalently, all 
edges have unit weight. 
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Lemma 22.1 

Let G = (V, E) be a directed or undirected graph, and let s e V be an arbitrary 
•^ertex. Then, for any edge (u, v) £ E, 



< 8(s,u) + 1 . 



Proof u is reachable from s, then so is v. In this case, the shortest path from s 
to v cannrfTbe longer than the shortest path from s to u followed by the edge (w, v), 
and thus th^kiequality holds. If u is not reachable from s, then 8(s, u) = oo, and 
the inequalify^tpoids. ■ 



We want to straw that BFS properly computes v.d = 8{s, v) for each ver- 
tex v e V. We firswsnpw that v. d bounds Ms, v) from above. 

C 

Lemma 22.2 \ 

Let G = (V, E) be a directed or undirected graph, and suppose that BFS is run 
on G from a given source<^rtex s € V. Then upon termination, for each ver- 
tex v e V, the value v. d commuted by BFS satisfies v.d > S(s, v). 

Proof We use induction on the number of ENQUEUE operations. Our inductive 
hypothesis is that v.d > 8(s, v) for^tlf^v e V. 

The basis of the induction is the situa^in immediately after enqueuing s in line 9 
of BFS. The inductive hypothesis holdsJiere, because s.d = 0 = 8(s,s) and 
v.d = oo > 8(s, v) for all v e V — {s}. f\ 

For the inductive step, consider a white>v&rtex v that is discovered during the 
search from a vertex u. The inductive hypo tfresis implies that u.d > 8(s,u). From 
the assignment performed by line 1 5 and frornL^nma 22. 1 , we obtain 

v.d = u.d + 1 

> 8(s,u) + \ • 

> 8(s, v). O 

Vertex v is then enqueued, and it is never enqueued again because it is also grayed 
and the then clause of lines 14-17 is executed only for white vertices. Thus, the 
value of v.d never changes again, and the inductive hypothesis is maintained. ■ 

To prove that v.d ~ 8(s, v), we must first show more precisely how the queue Q 
operates during the course of BFS. The next lemma shows that at all times, the 
queue holds at most two distinct d values. 
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Lemma 22.3 

Suppose that during the execution of BFS on a graph G = (V, E), the queue Q 
^\ contains the vertices (vi, v 2 , . . . , v r ), where v Y is the head of Q and v r is the tail, 
y^nhen, v r .d < V\.d+ 1 and v, .g? < v i+ i.d for i = 1,2, . . . , r — 1. 

PrQm The proof is by induction on the number of queue operations. Initially, 
whety^he queue contains only s, the lemma certainly holds. 

Fortneanductive step, we must prove that the lemma holds after both dequeuing 
and enqueuing a vertex. If the head V\ of the queue is dequeued, v 2 becomes the 
new head.^Cmthe queue becomes empty, then the lemma holds vacuously.) By the 
inductive h^jojhesis, v^.d < v 2 .d. But then we have v r .d < v Y .d + 1 < v 2 .d+ 1, 
and the remaininginequalities are unaffected. Thus, the lemma follows with v 2 as 
the head. 

In order to understand what happens upon enqueuing a vertex, we need to ex- 
amine the code morfc^losely. When we enqueue a vertex v in line 17 of BFS, it 
becomes v r+ \. At that^me, we have already removed vertex u, whose adjacency 
list is currently being scafjrjecL from the queue Q, and by the inductive hypothesis, 
the new head Vi has V\.d ><u>d. Thus, v r+ i.d = v.d = u.d+ 1 < V\.d+ 1. From 
the inductive hypothesis, we have v r .d < u.d + 1, and so v T .d < u.d + 1 = 
v.d = v r+ i.d, and the remainyig inequalities are unaffected. Thus, the lemma 
follows when v is enqueued. ^\ m 

V 

The following corollary shows tfrat-the d values at the time that vertices are 
enqueued are monotonically increasingtliier time. 



Corollary 22.4 

Suppose that vertices v, and Vj are enquetievLtiuring the execution of BFS, and 
that Vj is enqueued before v, . Then Vj .d < Vj . time that Vj is enqueued. 

Proof Immediate from Lemma 22.3 and the property that each vertex receives a 
finite d value at most once during the course of BFS.(^i. ■ 

We can now prove that breadth-first search coiTectly^-ftnds shortest-path dis- 
tances. < 

Theorem 22.5 (Correctness of breadth-first search) 

Let G = (V, E) be a directed or undirected graph, and suppose that BFS is run 
on G from a given source vertex s e V . Then, during its execution, BFS discovers 
every vertex v e V that is reachable from the source s, and upon termination, 
v.d = 8(s, v) for all v e V. Moreover, for any vertex v ^ s that is reachable 
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from s, one of the shortest paths from s to v is a shortest path from s to v.jt 
followed by the edge (v.jt, v). 

•Proof Assume, for the pmpose of contradiction, that some vertex receives a d 
vBhA not equal to its shortest-path distance. Let v be the vertex with min- 
imur^y^s, v) that receives such an incorrect d value; clearly v ^ s. By 
Lemma<32.2, v.d > 8(s, v), and thus we have that v.d > 8(s, v). Vertex v must be 
reachabte/rfrom s, for if it is not, then 8(s, v) = oo > v.d. Let u be the vertex im- 
mediately^pjaceding v on a shortest path from s to v, so that 8{s, v) = 8(s, u) + 1. 
Because 8{s^u\< 8{s, v), and because of how we chose v, we have u.d = 8(s, u). 
Putting these progerties together, we have 

v.d > 8(s, v) =1)^u) + 1 = u.d+ 1 . (22.1) 

Now consider the^fime when BFS chooses to dequeue vertex w from Q in 
line 11. At this timey^ertex v is either white, gray, or black. We shall show 
that in each of these cas we derive a contradiction to inequality (22.1). If v is 
white, then line 15 sets v.($j= u.d + 1, contradicting inequality (22.1). If v is 
black, then it was already rern^Kled from the queue and, by Corollary 22.4, we have 
v.d < u.d, again contradicting^nequality (22.1). If v is gray, then it was painted 
gray upon dequeuing some vertex w, which was removed from Q earlier than u 
and for which v.d = w.d+\. By Ce«ollary 22.4, however, w.d < u.d, and so we 
have v.d = w.d + 1 < u.d + 1, once again contradicting inequality (22.1). 

Thus we conclude that v.d = 8(s. /vV-for all v € V. All vertices v reachable 
from s must be discovered, for otherwise-tpcy would have oo = v.d > 8(s, v). To 
conclude the proof of the theorem, observe^nat if v.tt = u, then v.d = u.d + 1. 
Thus, we can obtain a shortest path from s te u by taking a shortest path from s 
to v. 7T and then traversing the edge (v.jt, v). 

o v ■ 

Breadth-first trees • 

o 

The procedure BFS builds a breadth-first tree as it seai(Chps the graph, as Fig- 
ure 22.3 illustrates. The tree corresponds to the n attributes^LMore formally, for 
a graph G = (V, E) with source s, we define the predecessor subgraph of G as 

G n = (V n ,E n ), where 

V K = {v e V : v.tt ^ nil} U {s} 
and 

E n = {(v.7t,v) : v 6 V„ -{s}} . 

The predecessor subgraph G n is a breadth-first tree if V n consists of the vertices 
reachable from s and, for all v e V n , the subgraph G n contains a unique simple 
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path from s to v that is also a shortest path from s to v in G. A breadth-first tree 
is in fact a tree, since it is connected and \E„\ = \V n \— 1 (see Theorem B.2). We 
\§\ call the edges in E n tree edges. 
•Sj The following lemma shows that the predecessor subgraph produced by the BFS 
rardpedure is a breadth-first tree. 

LetHma.22.6 

WherVaeolied to a directed or undirected graph G = (V, E), procedure BFS con- 
structs rf-^^that the predecessor subgraph G n = (V n , E^) is a breadth-first tree. 

Proof LinVl6 of BFS sets v.n = u if and only if (w, v) e E and 8(s, v) < oo — 
that is, if v is Je^iehable from s— and thus V n consists of the vertices in V reachable 
from s. Since G^^orms a tree, by Theorem B.2, it contains a unique simple path 
from s to each verfgx in V x . By applying Theorem 22.5 inductively, we conclude 
that every such pathi^a shortest path in G. m 

The following procecntfk prints out the vertices on a shortest path from s to v, 
assuming that BFS has arr^a&y computed a breadth-first tree: 

Print- Path (G, s, v) 

1 if v == s 

2 print s 

3 elseif v.n == nil /~\ 

4 print "no path from" s "to" v 'S^isls" 

5 else Print- Path (G,s,v.ji) ^^cs 

6 print v >K^) 

This procedure runs in time linear in the numb^ vof vertices in the path printed, 
since each recursive call is for a path one vertex shorter. 

Exercises 

22.2-1 vOj 

Show the d and it values that result from running breadth-first search on the di- 
rected graph of Figure 22.2(a), using vertex 3 as the source. 

22.2-2 

Show the d and n values that result from running breadth-first search on the undi- 
rected graph of Figure 22.3, using vertex u as the source. 
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22.2-6 

Give an example of aftirpeted graph G = (V, E), a source vertex s e V, and a 



22.2-3 

Show that using a single bit to store each vertex color suffices by arguing that the 
•^JMjS procedure would produce the same result if lines 5 and 14 were removed. 

Wh^pt^ the running time of BFS if we represent its input graph by an adjacency 
matrix^d modify the algorithm to handle this form of input? 

22.2-5 0 

Argue that^)a breadth-first search, the value u . d assigned to a vertex u is inde- 
pendent of th^order in which the vertices appear in each adjacency list. Using 
Figure 22.3 as af£)example, show that the breadth-first tree computed by BFS can 
depend on the ordeffrig within adjacency lists. 

C . 



set of tree edges E n C fi^such that for each vertex v e V, the unique simple path 
in the graph (V, E„) fromSKuvv is a shortest path in G, yet the set of edges E n 
cannot be produced by running BFS on G, no matter how the vertices are ordered 
in each adjacency list. 

22.2-7 

There are two types of professionalv^festlers: "babyfaces" ("good guys") and 
"heels" ("bad guys"). Between any pajf^pf professional wrestlers, there may or 
may not be a rivalry. Suppose we have n professional wrestlers and we have a list 
of r pairs of wrestlers for which there are v fl^i^ies. Give an C(n + r)-time algo- 
rithm that determines whether it is possible tg>etesignate some of the wrestlers as 
babyfaces and the remainder as heels such that eaeh rivalry is between a babyface 
and a heel. If it is possible to perform such a desigja^tion, your algorithm should 
produce it. ^ 

22.2-8 * O 

The diameter of a tree T = (V, E) is defined as maxjQ^(5(w, v), that is, the 
largest of all shortest-path distances in the tree. Give an^^racient algorithm to 
compute the diameter of a tree, and analyze the running time of your algorithm. 

22.2-9 

Let G = (V, E) be a connected, undirected graph. Give an 0(V + £')-time algo- 
rithm to compute a path in G that traverses each edge in E exactly once in each 
direction. Describe how you can find your way out of a maze if you are given a 
large supply of pennies. 
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22.3 D^pth-first search 

\J!he strategy followed by depth-first search is, as its name implies, to search 
'QJ^ener" in the graph whenever possible. Depth-first search explores edges out 
of most recently discovered vertex v that still has unexplored edges leaving it. 
Once^ of v's edges have been explored, the search "backtracks" to explore edges 
leaving(^Je vertex from which v was discovered. This process continues until we 
have disc^fored all the vertices that are reachable from the original source vertex. 
If any undiscovered vertices remain, then depth-first search selects one of them as 
a new source, x aftd it repeats the search from that source. The algorithm repeats this 
entire process Mnt»l it has discovered every vertex. 3 

As in breadth-nrg^search, whenever depth-first search discovers a vertex v dur- 
ing a scan of the adjacency list of an already discovered vertex u, it records this 
event by setting v 's predecessor attribute v.n to u. Unlike breadth-first search, 
whose predecessor subgraph forms a tree, the predecessor subgraph produced by 
a depth-first search may^e\eomposed of several trees, because the search may 
repeat from multiple sources. Therefore, we define the predecessor subgraph of 
a depth-first search slightly differently from that of a breadth-first search: we let 
G„ = (V, E„), where 



E M = {{v. it, v) : v e V and v.n ^^A.} . 

The predecessor subgraph of a depfh-^Sst search forms a depth-first forest com- 
prising several depth-first trees. The edg^in E n are tree edges. 

As in breadth-first search, depth-first sea^h colors vertices during the search to 
indicate their state. Each vertex is initially <^(Iu)te, is grayed when it is discovered 
in the search, and is blackened when it is finisHfe^, that is, when its adjacency list 
has been examined completely. This technique guarantees that each vertex ends up 
in exactly one depth-first tree, so that these trees are # disjoint. 

Besides creating a depth-first forest, depth-first sear^frylso timestamps each ver- 
tex. Each vertex v has two timestamps: the first times^rmp v.d records when v 
is first discovered (and grayed), and the second timestam|fu>./ records when the 
search finishes examining v's adjacency list (and blackens^). These timestamps 



3 It may seem arbitrary that breadth-first search is limited to only one source whereas depth-first 
search may search from multiple sources. Although conceptually, breadth-first search could proceed 
from multiple sources and depth-first search could be limited to one source, our approach reflects how 
the results of these searches are typically used. Breadth-first search usually serves to find shortest- 
path distances (and the associated predecessor subgraph) from a given source. Depth-first search is 
often a subroutine in another algorithm, as we shall see later in this chapter. 
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provide important information about the structure of the graph and are generally 
helpful in reasoning about the behavior of depth-first search. 

The procedure DFS below records when it discovers vertex u in the attribute u.d 
•afRi when it finishes vertex u in the attribute u.f. These timestamps are integers 
behteen 1 and 2 1 V\ , since there is one discovery event and one finishing event for 
eacKyemthe \ V\ vertices. For every vertex u, 

u.d<$f . (22.2) 

Vertex u is,^HlTE before time u.d, GRAY between time u.d and time u.f, and 
black mere'mfef. 

The followin^Bseudocode is the basic depfh-first-searcfi algorithm. The input 
graph G may be ''undirected or directed. The variable time is a global variable that 
we use for timestamjjfcjg. 



DFS(G) 
1 for each vertex u e 



2 
3 
4 
5 
6 
7 



u. color — WHITE 



U.JT — NIL 
time = 0 
for each vertex u e G.V 

if u. color == WHITE 
DFS-Visit(G,m) 



DFS-Visit(G,u) 

1 time = time + 1 

2 u.d = time 

3 u. color = GRAY 

4 for each v e G.Adj[u] 

5 if v. color == WHITE 

6 v.n = u 

1 DFS-VISIT(G, v) 

8 u. color = BLACK 

9 time = time + 1 
10 u.f = time 



// whiteo^tex u has just been discovered 
// explore edg^fw, v) 

\ 

II blacken u ; it is finisfeOL 



Figure 22.4 illustrates the progress of DFS on the graph shown in Figure 22.2. 

Procedure DFS works as follows. Lines 1-3 paint all vertices white and ini- 
tialize their it attributes to NIL. Line 4 resets the global time counter. Lines 5-7 
check each vertex in V in turn and, when a white vertex is found, visit it using 
DFS-VlSlT. Every time DFS-VlSlT(G, u) is called in line 7, vertex u becomes 
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Figure 22.4 The progress of the depth-first-searcl^igorithm DFS on a directed graph. As edges 
are explored by the algorithm, they are shown as ertbgK^haded (if they are tree edges) or dashed 
(otherwise). Nontree edges are labeled B, C, or F according to whether they are back, cross, or 
forward edges. Timestamps within vertices indicate discovery^me/finishing times. 

o 



S returns, every vertex u 
e u.f. 
e. Line 1 increments 




the root of a new tree in the depth-first forest. Whefi 
has been assigned a discovery time u . d and a finishin 

In each call DFS-VlSlT(G, u), vertex u is initially 
the global variable time, line 2 records the new value of^Mme as the discovery 
time u.d, and line 3 paints u gray. Lines 4-7 examine each vertex v adjacent to u 
and recursively visit v if it is white. As each vertex v e Acf/[w] is considered in 
line 4, we say that edge (u, v) is explored by the depth-first search. Finally, after 
every edge leaving u has been explored, lines 8-10 paint u black, increment time, 
and record the finishing time in u .f. 

Note that the results of depth-first search may depend upon the order in which 
line 5 of DFS examines the vertices and upon the order in which line 4 of DFS- 
VlSlT visits the neighbors of a vertex. These different visitation orders tend not 



Chapter 22 Elementary Graph Algorithms 



to cause problems in practice, as we can usually use any depth-first search result 
effectively, with essentially equivalent results. 

What is the running time of DFS? The loops on lines 1-3 and lines 5-7 of DFS 
■ta^e time &(V), exclusive of the time to execute the calls to DFS-VlSiT. As we did 
foHfreadth-first search, we use aggregate analysis. The procedure DFS -VISIT is 
called^axactly once for each vertex v e V, since the vertex u on which DFS -VISIT 
is inv(5k^d must be white and the first thing DFS -VISIT does is paint vertex u gray. 
During anraxecution of DFS -VISIT (G, v), the loop on lines 4-7 executes |At//[v]| 
times. SinceA. 

^\Adj[v]\^j8(E) , 

veV 

the total cost of ex^uting lines 4-7 of DFS-VlSiT is ®(E). The running time of 
DFS is therefore 0tt\+ E). 

Properties of depth-firs£search 



Depth-first search yields vaklable information about the structure of a graph. Per- 
haps the most basic property, of depth-first search is that the predecessor sub- 
graph G K does indeed form avjerest of trees, since the structure of the depth- 
first trees exactly mirrors the structure of recursive calls of DFS -Visit. That is, 
u = v.n if and only if DFS-Visf0j,.v) was called during a search of u's ad- 
jacency list. Additionally, vertex v is^adescendant of vertex u in the depth-first 
forest if and only if v is discovered durii@the time in which u is gray. 

Another important property of depth-firjpsearch is that discovery and finishing 
times have parenthesis structure. If we rep^ent the discovery of vertex u with 
a left parenthesis "(u" and represent its finish^f)by a right parenthesis "«)", then 
the history of discoveries and finishings makes ^well-formed expression in the 
sense that the parentheses are properly nested. For ^Sample, the depth-first search 
of Figure 22.5(a) corresponds to the parenthesization shown in Figure 22.5(b). The 
following theorem provides another way to characterize^)^ parenthesis structure. 

Theorem 22.7 (Parenthesis theorem) 

In any depth-first search of a (directed or undirected) graph^f = (V, E), for any 
two vertices u and v, exactly one of the following three conditions holds: 

• the intervals [u.d, u.f] and [v.d, v.f] are entirely disjoint, and neither u nor v 
is a descendant of the other in the depth-first forest, 

• the interval [u.d, u.f] is contained entirely within the interval [v.d, v.f], and u 
is a descendant of v in a depth-first tree, or 

• the interval [v.d, v.f] is contained entirely within the interval [u.d, u.f], and v 
is a descendant of u in a depth-first tree. 
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Figure 22.5 Properties of depth-first search, (a) The result of a depth-first search of a directed 
graph. Vertices are timestamped and edge types are indicated as in Figure 22.4. (b) Intervals for 
the discovery time and finishing time of each vertex correspond to the parenthesization shown. Each 
rectangle spans the interval given by the discovery and finishing times of the corresponding vertex. 
Only tree edges are shown. If two intervals overlap, then one is nested within the other, and the 
vertex corresponding to the smaller interval is a descendant of the vertex corresponding to the larger, 
(c) The graph of part (a) redrawn with all tree and forward edges going down within a depth-first tree 
and all back edges going up from a descendant to an ancestor. 
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Proof We begin with the case in which u.d < v.d. We consider two subcases, 
according to whether v.d < u.f or not. The first subcase occurs when v.d < u.f, 
v was discovered while u was still gray, which implies that v is a descendant 
•eyw. Moreover, since v was discovered more recently than u, all of its outgo- 
injr^dges are explored, and v is finished, before the search returns to and fin- 
ishes/m In this case, therefore, the interval [v.d, v.f] is entirely contained within 
the irirawal [u.d, u.f]. In the other subcase, u.f < v.d, and by inequality (22.2), 



u.d < urf\< v.d < v.f; thus the intervals [u.d, u.f] and [v.d, v.f] are disjoint. 
Because tho^ntervals are disjoint, neither vertex was discovered while the other 
was gray, arKfso*neither vertex is a descendant of the other. 

The case irXvhich v.d < u.d is similar, with the roles of u and v reversed in the 
above argument.v^^ ■ 

Corollary 22.8 (Nesting of descendants' intervals) 

Vertex v is a proper defendant of vertex u in the depth-first forest for a (directed 
or undirected) graph G iyihd only if u.d < v.d < v.f < u.f. 

Proof Immediate from Theorem 22.7. ■ 



The next theorem gives another important characterization of when one vertex 
is a descendant of another in the der^-first forest. 

Theorem 22.9 (White-path theorem) 

In a depth-first forest of a (directed or undirected) graph G = (V, E), vertex v is 
a descendant of vertex u if and only if at-Jgirtime u.d that the search discovers u, 
there is a path from u to v consisting entirelysjbf .white vertices. 

Proof =>: If v = u, then the path from u to v co@ains just vertex u, which is still 
white when we set the value of u.d. Now, suppos^rhat v is a proper descendant 
of u in the depth-first forest. By Corollary 22.8, u.d 9 < v.d, and so v is white at 
time u.d. Since v can be any descendant of u, all ver^p^s on the unique simple 
path from u to v in the depth-first forest are white at time (Tjl. 

•<=: Suppose that there is a path of white vertices from uj&v at time u.d, but v 
does not become a descendant of u in the depth-first tree. Without loss of general- 
ity, assume that every vertex other than v along the path becomes a descendant of u. 
(Otherwise, let v be the closest vertex to u along the path that doesn't become a de- 
scendant of u.) Let w be the predecessor of v in the path, so that w is a descendant 
of u (w and u may in fact be the same vertex). By Corollary 22.8, w.f < u.f. Be- 
cause v must be discovered after u is discovered, but before w is finished, we have 
u.d < v.d < w.f < u.f. Theorem 22.7 then implies that the interval [v.d, v.f] 
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is contained entirely within the interval [u.d, u.f]. By Corollary 22.8, v must after 
all be a descendant of u. ■ 

'^Classification of edges 

A5}ipt£ier interesting property of depth-first search is that the search can be used 
to cta^sify the edges of the input graph G = (V, E). The type of each edge can 
proviaeimportant information about a graph. For example, in the next section, we 
shall see-mat a directed graph is acyclic if and only if a depth-first search yields no 
"back" edges/Lemma 22.11). 

We can drane four edge types in terms of the depth-first forest G n produced by 
a depth-first search on G : 

1. Tree edges are #ages in the depth-first forest G„. Edge (u, v) is a tree edge if v 
was first discovered- by exploring edge (u,v). 

2. Back edges are tho^edges (u, v) connecting a vertex u to an ancestor v in a 
depth-first tree. We cqrfisider self-loops, which may occur in directed graphs, to 
be back edges. 

3. Forward edges are those ®ntree edges (u, v) connecting a vertex u to a de- 
scendant v in a depth-first tr»e. > 

4. Cross edges are all other edges: They can go between vertices in the same 
depth-first tree, as long as one veNexis not an ancestor of the other, or they can 
go between vertices in different dept^^rst trees. 

In Figures 22.4 and 22.5, edge labels indica^pdge types. Figure 22.5(c) also shows 
how to redraw the graph of Figure 22.5(a) s^p^ftjat all tree and forward edges head 
downward in a depth-first tree and all back edg^s^o up. We can redraw any graph 
in this fashion. J{ 

The DFS algorithm has enough information to classify some edges as it encoun- 
ters them. The key idea is that when we first explore^an edge (u, v), the color of 
vertex v tells us something about the edge: 

1 . WHITE indicates a tree edge, 

2. GRAY indicates a back edge, and 

3. BLACK indicates a forward or cross edge. 

The first case is immediate from the specification of the algorithm. For the sec- 
ond case, observe that the gray vertices always form a linear chain of descendants 
corresponding to the stack of active DFS -Visit invocations; the number of gray 
vertices is one more than the depth in the depth-first forest of the vertex most re- 
cently discovered. Exploration always proceeds from the deepest gray vertex, so 
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an edge that reaches another gray vertex has reached an ancestor. The third case 
handles the remaining possibility; Exercise 22.3-5 asks you to show that such an 
•^dge (u, v) is a forward edge if u.d < v.d and a cross edge if u.d > v.d. 
x^j^n undirected graph may entail some ambiguity in how we classify edges, 
sirred) (u, v) and (v, u) are really the same edge. In such a case, we classify the 
edgev^s the first type in the classification list that applies. Equivalently (see Ex- 
ercise y 2&y$-6), we classify the edge according to whichever of (u, v) or (v, u) the 
search engsunters first. 

We now show that forward and cross edges never occur in a depth-first search of 
an undirecte'^japh. 

Theorem H.lff^ 

In a depth-first se&ochxif an undirected graph G, every edge of G is either a tree 
edge or a back edge.C^, 

Proof Let (u, v) be an ^fb\trary edge of G, and suppose without loss of generality 
that u.d < v.d. Then fhe(sparch must discover and finish v before it finishes u 
(while u is gray), since v is ^w's adjacency list. If the first time that the search 
explores edge (u, v), it is in t{f^) direction from u to v, then v is undiscovered 
(white) until that time, for otherwise the search would have explored this edge 
already in the direction from v tov^ Thus, (u, v) becomes a tree edge. If the 
search explores (u, v) first in the direcrij^h from v to u, then (u, v) is a back edge, 
since u is still gray at the time the edge ^Hjirst explored. ■ 

We shall see several applications of the^uleorems in the following sections. 

Exercises % 
22.3-1 

Make a 3-by-3 chart with row and column labels WHITE, GRAY, and BLACK. In 
each cell (/, j), indicate whether, at any point during a^pth-first search of a di- 
rected graph, there can be an edge from a vertex of color (Pjo a vertex of color j . 
For each possible edge, indicate what edge types it can be<^Make a second such 
chart for depth-first search of an undirected graph. 

22.3-2 

Show how depth-first search works on the graph of Figure 22.6. Assume that the 
for loop of lines 5-7 of the DFS procedure considers the vertices in alphabetical 
order, and assume that each adjacency list is ordered alphabetically. Show the 
discovery and finishing times for each vertex, and show the classification of each 
edge. 
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Figure 22.6 A)dlrected graph for use in Exercises 22.3-2 and 22.5-2. 
22.3-3 ^\ 

Show the parenthe^ structure of the depth-first search of Figure 22.4. 
22.3-4 V* v 



Show that using a singlejbit to store each vertex color suffices by arguing that 
the DFS procedure wour^Woduce the same result if line 3 of DFS -VISIT was 
removed. \ 

22.3-5 . 

Show that edge (u, v) is 



a. a tree edge or forward edge if ana only if u.d < v.d < v.f < u.f, 



b. a back edge if and only if v.d < u.d^^i.f < v.f, and 

c. a cross edge if and only if v.d < v.f <^^< u.f. 

22.3-6 

Show that in an undirected graph, classifying an edge (u, v) as a tree edge or aback 
edge according to whether (u, v) or (v, u) is encountered first during the depth-first 
search is equivalent to classifying it according to the ordering of the four types in 
the classification scheme. ^ >. 

22.3-7 

Rewrite the procedure DFS, using a stack to eliminate recursion. 
22.3-8 

Give a counterexample to the conjecture that if a directed graph G contains a path 
from u to v, and if u.d < v.d ma depth-first search of G, then v is a descendant 
of u in the depth-first forest produced. 
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^ 22.3-9 

, Give a counterexample to the conjecture that if a directed graph G contains a path 
^from u to v, then any depth-first search must result in v.d < u.f. 



Moon* the pseudocode for depth-first search so that it prints out every edge in the 
direcWa-graph G, together with its type. Show what modifications, if any, you need 
to make^rLG is undirected. 

22.3-11 

Explain how s^ertex u of a directed graph can end up in a depth-first tree contain- 
ing only u, eveiraough u has both incoming and outgoing edges in G. 

22.3-12 

Show that we can use a depth-first search of an undirected graph G to identify the 
connected components Y)f>G, and that the depth-first forest contains as many trees 
as G has connected components. More precisely, show how to modify depth-first 
search so that it assigns teneadi vertex v an integer label v.cc between 1 and k, 
where k is the number of connected components of G, such that u.cc = v.cc if 
and only if u and v are in the same connected component. 

22.3-13 * *^ 

A directed graph G = (V, E) is singlyjionnected if u ~> v implies that G contains 
at most one simple path from u to v fo^ll vertices u, v € V. Give an efficient 
algorithm to determine whether or not a auBsted graph is singly connected. 

22.4 Topological sort O^, 

This section shows how we can use depth-first search to oerform a topological sort 
of a directed acyclic graph, or a "dag" as it is sometimesscalled. A topological sort 
of a dag G = (V, E) is a linear ordering of all its vertices suciuhat if G contains an 
edge (u, v), then u appears before v in the ordering. (If the gdlph contains a cycle, 
then no linear ordering is possible.) We can view a topological sort of a graph as 
an ordering of its vertices along a horizontal line so that all directed edges go from 
left to right. Topological sorting is thus different from the usual kind of "sorting" 
studied in Part II. 

Many applications use directed acyclic graphs to indicate precedences among 
events. Figure 22.7 gives an example that arises when Professor Bumstead gets 
dressed in the morning. The professor must don certain garments before others 
(e.g., socks before shoes). Other items may be put on in any order (e.g., socks and 
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> 12/15 (pants 
(a) W .6/7 f belt 

V 




(b) (socks) (undersh 



17/18 



Figure 22.7 (a) Professor EsdjH&tsad topologically sorts his clothing when getting dressed. Each 
directed edge (w, v) means that ^arrnent u must be put on before garment v. The discovery and 
finishing times from a depth-first se^S^h are shown next to each vertex, (b) The same graph shown 
topologically sorted, with its vertices arranged from left to right in order of decreasing finishing time. 
All directed edges go from left to right' 



pants). A directed edge (u, v) in the dag>pf Figure 22.7(a) indicates that garment u 
must be donned before garment v. A topological sort of this dag therefore gives an 
order for getting dressed. Figure 22.7(b^5nhws the topologically sorted dag as an 
ordering of vertices along a horizontal line sach that all directed edges go from left 
to right. 

The following simple algorithm topologically~TO£ts a dag: 



TOPOLOGICAL-SORT(G) • 

1 call DFS(G) to compute finishing times v.f for e vertex v 

2 as each vertex is finished, insert it onto the front of :ed list 

3 return the linked list of vertices 



2nke( 

4 



Figure 22.7(b) shows how the topologically sorted vertices appear in reverse order 
of their finishing times. 

We can perform a topological sort in time &(V + E), since depth-first search 
takes @(V + E) time and it takes 0(1) time to insert each of the \ V\ vertices onto 
the front of the linked list. 

We prove the correctness of this algorithm using the following key lemma char- 
acterizing directed acyclic graphs. 
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Lemma 22.11 

A directed graph G is acyclic if and only if a depth-first search of G yields no back 
^dges. 

Suppose that a depth-first search produces a back edge (u,v). Then 
is an ancestor of vertex u in the depth-first forest. Thus, G contains a path 
^u, and the back edge (u, v) completes a cycle, 
oose that G contains a cycle c. We show that a depth-first search of G 
yields a bao&edge. Let v be the first vertex to be discovered in c, and let (w, v) be 
the preceding edge in c. At time v.d, the vertices of c form a path of white vertices 
from v to u. By the white-path theorem, vertex u becomes a descendant of v in the 
depth-first foresVTherefore, (w, v) is a back edge. ■ 

Theorem 22.12 

Topological- SORT\^5roduces a topological sort of the directed acyclic graph 
provided as its input. 

Proof Suppose that DFS i*^fun on a given dag G = (V, E) to determine fin- 
ishing times for its vertices. Itj^yffices to show that for any pair of distinct ver- 
tices u, v e V, if G contains an edge from u to v, then v.f < u.f. Consider any 
edge (u, v) explored by DFS(G). v^ien this edge is explored, v cannot be gray, 
since then v would be an ancestor or u^nd (u, v) would be a back edge, contra- 
dicting Lemma 22.11. Therefore, v muskbe either white or black. If v is white, 
it becomes a descendant of u, and so v.f^M.f. If v is black, it has already been 
finished, so that v.f has already been set. afecause we are still exploring from u, we 
have yet to assign a timestamp to u.f, and so>once we do, we will have v.f < u.f 
as well. Thus, for any edge (u, v) in the da^V-we have v.f < u.f, proving the 
theorem. O „ ■ 

Exercises • 

22.4-1 O 

Show the ordering of vertices produced by TOPOLOGICAL-S^T when it is run on 
the dag of Figure 22.8, under the assumption of Exercise 22.3-2. 

22.4-2 

Give a linear-time algorithm that takes as input a directed acyclic graph G = 
(V, E) and two vertices s and t, and returns the number of simple paths from s 
to t in G. For example, the directed acyclic graph of Figure 22.8 contains exactly 
four simple paths from vertex p to vertex v. pov, poryv, posryv, and psryv. 
(Your algorithm needs only to count the simple paths, not list them.) 
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Figure 22.8 



g for topological sorting. 



22.4-3 ^ 

Give an algorithm ( *Kat determines whether or not a given undirected graph G = 
(V, E) contains a cycje*. Your algorithm should run in 0(V) time, independent 
of|£|. 



22.4-4 

Prove or disprove: If a directed graph G contains cycles, then TOPOLOGICAL - 
Sort(G) produces a vertex (jeering that minimizes the number of "bad" edges 
that are inconsistent with the or4errng produced. 



ogical/L 



22.4-5 

Another way to perform topological /sarting on a directed acyclic graph G 
(V, E) is to repeatedly find a vertex oimvdegree 0, output it, and remove it and 
all of its outgoing edges from the graphrlicplain how to implement this idea so 
that it runs in time 0(V + E). What happem^to this algorithm if G has cycles? 



O 



22.5 Strongly connected components 



We now consider a classic application of depth-first s^ajfch: decomposing a di- 
rected graph into its strongly connected components. This'^ration shows how to do 
so using two depth-first searches. Many algorithms that work with directed graphs 
begin with such a decomposition. After decomposing the graph into strongly con- 
nected components, such algorithms run separately on each one and then combine 
the solutions according to the structure of connections among components. 

Recall from Appendix B that a strongly connected component of a directed 
graph G = (V, E) is a maximal set of vertices C C V such that for every pair 
of vertices u and v in C , we have both w ~» v and v ~* u ; that is, vertices u and v 
are reachable from each other. Figure 22.9 shows an example. 
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Figure 22.9 (a) A directed graph G. Each shaded region is a strongly connected component of G. 
Each vertex is labeled with its discovery and fin(s^Jng times in a depth-first search, and tree edges 
are shaded, (b) The graph G T , the transpose of G/TVith the depth-first forest computed in line 3 
of Strongly-Connected-Components showri-andrtfee edges shaded. Each strongly connected 
component corresponds to one depth-first tree. Vertices-tJJE. g, and h, which are heavily shaded, are 
the roots of the depth-first trees produced by the depth- ffrk_search of G T . (c) The acyclic component 
graph G scc obtained by contracting all edges within each(s^Dngly connected component of G so 
that only a single vertex remains in each component. S\ 

• 

Our algorithm for finding strongly connected commorients of a graph G = 
(V, E) uses the transpose of G, which we defined in Excise 22.1-3 to be the 
graph G T = (V, E T ), where E T = {(u, v) : (y, u) € E}. ?*pkt is, E T consists of 
the edges of G with their directions reversed. Given an adjacency-list representa- 
tion of G, the time to create G T is 0(V + E). It is interesting to observe that G 
and G T have exactly the same strongly connected components: u and v are reach- 
able from each other in G if and only if they are reachable from each other in G T . 
Figure 22.9(b) shows the transpose of the graph in Figure 22.9(a), with the strongly 
connected components shaded. 
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The following linear-time (i.e., ®(V + £)-time) algorithm computes the strongly 
connected components of a directed graph G = (V,E) using two depth-first 
\§\ searches, one on G and one on G T . 

4 



^Strongly-Connected-Components (G) 

l%^eall DFS(G) to compute finishing times u.f for each vertex u 

2 tfa«mute G T 

3 ca^LBFS(G T ), but in the main loop of DFS, consider the vertices 

Srfarder of decreasing u.f (as computed in line 1) 

4 outputxtfte. vertices of each tree in the depth-first forest formed in line 3 as a 

separate strongly connected component 



The idea behi^ this algorithm comes from a key property of the component 
graph G scc = <^ cc , E scc ), which we define as follows. Suppose that G 
has strongly connected components C\, C 2 , . . . , Cfc. The vertex set V scc is 
{vi, v 2) • • • > v k}, and it^mtains a vertex v, for each strongly connected compo- 
nent C, of G. There is Mi^dge (v, , Vj) € E scc if G contains a directed edge (x, y) 
for some x € C t and some^ e Cj. Looked at another way, by contracting all 
edges whose incident vertices^re within the same strongly connected component 
of G, the resulting graph is 0^ c . Figure 22.9(c) shows the component graph of 
the graph in Figure 22.9(a). • 

The key property is that the component graph is a dag, which the following 
lemma implies. \ 

o 

Lemma 22.13 

Let C and C' be distinct strongly connect!^ components in directed graph G = 
(V, E), let u, v € C, let u', v' € C, and su^i^se that G contains a path u ~> u'. 
Then G cannot also contain a path v' ~> v. 

C 

Proof If G contains a path v' v, then it contains paths u ~» u' v and 
v' v ^ u. Thus, u and v' are reachable from each/Other, thereby contradicting 
the assumption that C and C are distinct strongly comieetpd components. ■ 



We shall see that by considering vertices in the second d^pth-first search in de- 
creasing order of the finishing times that were computed in the first depth-first 
search, we are, in essence, visiting the vertices of the component graph (each of 
which corresponds to a strongly connected component of G) in topologically sorted 
order. 

Because the Strongly-Connected-Components procedure performs two 
depth-first searches, there is the potential for ambiguity when we discuss u.d 
or u.f. In this section, these values always refer to the discoveiy and finishing 
times as computed by the first call of DFS, in line 1. 
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We extend the notation for discovery and finishing times to sets of vertices. 
If U C V, then we define d(U) = mm ueU {u.d} and f(U) = m&x usU {u.f}. 
•^Thjit is, d(U) and f(U) are the earliest discovery time and latest finishing time, 
Dectively, of any vertex in U. 

; following lemma and its corollary give a key property relating strongly con- 
necTedyomponents and finishing times in the first depth-first search. 

Lemm^2J4 

Let C and G! be distinct strongly connected components in directed graph G = 
(V, E). Suppose,fhat there is an edge (w, v) e E, where u e C and v e C. Then 

/(C) > f(c\> 
V 

Proof We consider two cases, depending on which strongly connected compo- 
nent, C or C, had fKgfirst discovered vertex during the depth-first search. 

If d(C) < d(C'),\^x' be the first vertex discovered in C . At time x . d, all ver- 
tices in C and C are w At that time, G contains a path from x to each vertex 
in C consisting only of whi^>vertices. Because (u,v) e E, for any vertex w e C, 
there is also a path in G at tim^x . d from x to w consisting only of white vertices: 
x ~» m —*■ v ~* u;. By the wh^-path theorem, all vertices in C and C become 
descendants of x in the depth-first Jree. By Corollary 22.8, x has the latest finishing 
time of any of its descendants, and &£f.f = f (C) > / (C). 

If instead we have d(C) > d(C^u]^t y be the first vertex discovered in C. 
At time y.d, all vertices in C' are wnite>.and G contains a path from y to each 
vertex in C' consisting only of white vertices. By the white-path theorem, all ver- 
tices in C' become descendants of y in the>t^Dth-first tree, and by Corollary 22.8, 
y.f = f (C). At time y.d, all vertices in C arewhite. Since there is an edge (w, v) 
from C to C, Lemma 22.13 implies that there-^annot be a path from C' to C. 
Hence, no vertex in C is reachable from y. At timeA^, therefore, all vertices in C 
are still white. Thus, for any vertex w € C, we h&ye w.f > y.f, which implies 
that f(C) > f(C'). • ■ 

The following corollary tells us that each edge in G thafjoes between different 
strongly connected components goes from a component wipikan earlier finishing 
time (in the first depth-first search) to a component with a later finishing time. 

Corollary 22.15 

Let C and C' be distinct strongly connected components in directed graph G = 
(V, E). Suppose that there is an edge (u, v) 6 E T , where u e C and v e C. Then 
f(C) < f(C'). 
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Proof Since (u,v) e E T , we have (v,u) e E. Because the strongly con- 
nected components of G and G T are the same, Lemma 22.14 implies that 
^W-(C) < /(C). ■ 

'C^Corollary 22.15 provides the key to understanding why the strongly connected 
cojWonents algorithm works. Let us examine what happens when we perform the 
secOftivdepth-first search, which is on G T . We start with the strongly connected 
component C whose finishing time f(C) is maximum. The search starts from 
some varex x € C, and it visits all vertices in C. By Corollary 22.15, G T contains 
no edges from,C to any other strongly connected component, and so the search 
from x wilNioj, visit vertices in any other component. Thus, the tree rooted at x 
contains exactly the vertices of C. Having completed visiting all vertices in C, 
the search in lin%&se lects as a root a vertex from some other strongly connected 
component C" wh^se finishing time / (C) is maximum over all components other 
than C. Again, thev^arch will visit all vertices in C, but by Corollary 22.15, 
the only edges in G T f|3m C to any other component must be to C, which we 
have already visited. In general, when the depth-first search of G T in line 3 visits 
any strongly connected component, any edges out of that component must be to 
components that the search al^kdy visited. Each depth-first tree, therefore, will be 
exactly one strongly connected component. The following theorem formalizes this 
argument. 

v 

Theorem 22.16 N f 

The Strongly-Connected-Compcw^rnts procedure correctly computes the 




strongly connected components of the directed graph G provided as its input. 

Proof We argue by induction on the number of depth-first trees found in the 
depth-first search of G T in line 3 that the verd^s. of each tree form a strongly 
connected component. The inductive hypothesis (£s\hat the first k trees produced 
in line 3 are strongly connected components. TheJ)asis for the induction, when 
k = 0, is trivial. (^i. 

In the inductive step, we assume that each of the first /c(3^pth-first trees produced 
in line 3 is a strongly connected component, and we confer the (k + l)st tree 
produced. Let the root of this tree be vertex u, and let u be in strongly connected 
component C . Because of how we choose roots in the depth-first search in line 3, 
u.f = f(C) > f(C') for any strongly connected component C other than C 
that has yet to be visited. By the inductive hypothesis, at the time that the search 
visits u, all other vertices of C are white. By the white-path theorem, therefore, all 
other vertices of C are descendants of u in its depth-first tree. Moreover, by the 
inductive hypothesis and by Corollary 22.15, any edges in G T that leave C must be 
to strongly connected components that have already been visited. Thus, no vertex 
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in any strongly connected component other than C will be a descendant of u during 
the depth-first search of G T . Thus, the vertices of the depth-first tree in G T that is 
■^booted at u form exactly one strongly connected component, which completes the 
■iriljuctive step and the proof. ■ 

He^&is another way to look at how the second depth-first search operates. Con- 
sider tn&vcomponent graph (G T ) SCC of G T . If we map each strongly connected 
componentvisited in the second depth-first search to a vertex of (G T ) SCC , the sec- 
ond deptrKmsst search visits vertices of (G T ) SCC in the reverse of a topologically 
sorted orderir If ,we reverse the edges of (G T ) SCC , we get the graph ((G T ) SCC ) T . 
Because ((G^^) T = G scc (see Exercise 22.5-4), the second depth-first search 
visits the vertice^of G scc in topologically sorted order. 

Exercises V 
22.5-1 (\ 

How can the number of stn^rfigly connected components of a graph change if a new 
edge is added? (\ 

22.5-2 

Show how the procedure StronSu^onnected-Components works on the 
graph of Figure 22.6. Specifically, snew the finishing times computed in line 1 and 
the forest produced in line 3. Assume\nat the loop of lines 5-7 of DFS considers 
vertices in alphabetical order and that thQl] acency lists are in alphabetical order. 

22.5-3 ^ 

Professor Bacon claims that the algorithm ^j^jstrongly connected components 
would be simpler if it used the original (insteadj^pf the transpose) graph in the 
second depth-first search and scanned the vertices ^flforder of increasing finishing 
times. Does this simpler algorithm always produce correct results? 

22.5-4 0_ 

Prove that for any directed graph G, we have ((G T ) scc )v_i G scc . That is, the 
transpose of the component graph of G T is the same as the c«p?ponent graph of G. 

22.5-5 

Give an 0(V + is) -time algorithm to compute the component graph of a directed 
graph G = (V, E). Make sure that there is at most one edge between two vertices 
in the component graph your algorithm produces. 
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22.5-6 

, Given a directed graph G = (V, E), explain how to create another graph G' = 
^\ (V, E') such that (a) G' has the same strongly connected components as G, (b) G' 
>f^nas the same component graph as G, and (c) E' is as small as possible. Describe a 
f^ algorithm to compute G' . 

A directed graph G = (V, E) is semiconnected if, for all pairs of vertices u,v € V , 
we have- s M>'^ d or v ~> u. Give an efficient algorithm to determine whether 
or not G i^semiconnected. Prove that your algorithm is correct, and analyze its 
running tirri&t 

^ 

Problems v >' 

<* 

22-1 Classifying edges<#% breadth-first search 

A depth-first forest classm^sKthe edges of a graph into tree, back, forward, and 
cross edges. A breadth-first toee can also be used to classify the edges reachable 
from the source of the search into the same four categories. 

a. Prove that in a breadth-first f an undirected graph, the following prop- 
erties hold: \ 

1. There are no back edges and no f^j^jard edges. 

2. For each tree edge (u, v), we have u.d + 1. 

3. For each cross edge (u, v), we have i\f£^= u.d or v. d = u.d + 1. 

b. Prove that in a breadth-first search of a directetrgraph, the following properties 
hold: 



1. There are no forward edges. 

2. For each tree edge (u, v), we have v.d = u.d + 

3. For each cross edge (u, v), we have v.d < u.d + 1. < 

4. For each back edge (w, v), we have 0 < v.d < u.d. 



22-2 Articulation points, bridges, and biconnected components 
Let G = (V, E) be a connected, undirected graph. An articulation point of G is 
a vertex whose removal disconnects G. A bridge of G is an edge whose removal 
disconnects G. A biconnected component of G is a maximal set of edges such 
that any two edges in the set lie on a common simple cycle. Figure 22. 10 illustrates 
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Figure 22.10 Thi articulation points, bridges, and biconnected components of a connected, undi- 
rected graph for use/in Problem 22-2. The articulation points are the heavily shaded vertices, the 
bridges are the heavily shaded edges, and the biconnected components are the edges in the shaded 
regions, with a bcc nuVjJ*rrng shown. 

these definitions. We ^nxletemiine articulation points, bridges, and biconnected 
components using depth<Jirst search. Let G M = (V, E M ) be a depth-first tree of G. 

a. Prove that the root of an articulation point of G if and only if it has at 
least two children in G M . 

b. Let v be a nonroot vertex of Gjf . Ppove that v is an articulation point of G if and 
only if v has a child s such that mot e is no back edge from s or any descendant 
of s to a proper ancestor of v. \( 

o 



c. Let 

v.low = min 



w.d : (u, w) is a back edge fo^ome descendant u of v . 



Show how to compute v.low for all vertices 



v eCk 



in 0(E) time. 



d. Show how to compute all articulation points in OCE^tme. 

e. Prove that an edge of G is a bridge if and only if it doesatot lie on any simple 



cycle of G. 



f. Show how to compute all the bridges of G in 0(E) time. 

g. Prove that the biconnected components of G partition the nonbridge edges of G. 

h. Give an 0(£')-time algorithm to label each edge e of G with a positive in- 
teger e.bcc such that e.bcc = e' .bcc if and only if e and e' are in the same 
biconnected component. 
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22-3 Euler tour 

, An Euler tour of a strongly connected, directed graph G = (V, E) is a cycle that 
traverses each edge of G exactly once, although it may visit a vertex more than 
v'-once. 

aX£qow that G has an Euler tour if and only if in-degree(v) = out-degree(v) for 
vertex v e V . 



ft. Des(^be an 0(£')-time algorithm to find an Euler tour of G if one exists. {Hint: 
Merge^*h^-disjoint cycles.) 

22-4 Reacfi^pility 

Let G = (V, £ Aa directed graph in which each vertex u e F is labeled with 
a unique integer S^u) from the set {1,2,..., \V\}. For each vertex u € V, let 
v} be the set of vertices that are reachable from u. Define 
min(w) to be the vertex QvR(u) whose label is minimum, i.e., min(w) is the vertex v 
such that L(v) — min{L(tj>) : w e R(u)}. Give an 0(V + £)-time algorithm that 
computes min(u) for all vei*fees u e V. 

Chapter notes \) 

< 

Even [103] and Tarjan [330] are excell@t references for graph algorithms. 

Breadth-first search was discovered l<^)Moore [260] in the context of finding 
paths through mazes. Lee [226] independently discovered the same algorithm in 
the context of routing wires on circuit boards/S 

Hopcroft and Tarjan [178] advocated the use^the adjacency-list representation 
over the adjacency-matrix representation for spaf& graphs and were the first to 
recognize the algorithmic importance of depth-first search. Depth-first search has 
been widely used since the late 1950s, especially in artificial intelligence programs. 

Tarjan [327] gave a linear-time algorithm for finding^stfongly connected compo- 
nents. The algorithm for strongly connected componentsil^Section 22.5 is adapted 
from Aho, Hopcroft, and Ullman [6], who credit it to S. R.1i£osaraju (unpublished) 
and M. Sharir [314]. Gabow [119] also developed an algorithm for strongly con- 
nected components that is based on contracting cycles and uses two stacks to make 
it run in linear time. Knuth [209] was the first to give a linear-time algorithm for 
topological sorting. 



23 • Alinimum Spanning Trees 

Electronic circuit designs often need to make the pins of several components elec- 
trically equivalent By^iring them together. To interconnect a set of n pins, we can 
use an arrangement of 1 wires, each connecting two pins. Of all such arrange- 
ments, the one that uses tte least amount of wire is usually the most desirable. 

We can model this wrring problem with a connected, undirected graph G = 
(V, E), where V is the set o>pj»s, E is the set of possible interconnections between 
pairs of pins, and for each edge /w, v) € E, we have a weight w(u, v) specifying 
the cost (amount of wire needscty to connect u and v. We then wish to find an 
acyclic subset T C E that connecte^Jl of the vertices and whose total weight 

w(T) = ^ w(u,v) 

(u,v)£T Q 

is minimized. Since T is acyclic and connejt^all of the vertices, it must form a tree, 
which we call a spanning tree since it "spans^he graph G. We call the problem of 
determining the tree T the minimum-spanninj^tyee problem} Figure 23.1 shows 
an example of a connected graph and a minimum(sj)anning tree. 

In this chapter, we shall examine two algorith{f& for solving the minimum- 
spanning-tree problem: Kruskal's algorithm and Prinj's algorithm. We can easily 
make each of them run in time 0(E lg V) using ordina^binary heaps. By using 
Fibonacci heaps, Prim's algorithm runs in time 0(E + IQg V), which improves 
over the binary-heap implementation if | V \ is much smalleivAan \E\. 

The two algorithms are greedy algorithms, as described in Chapter 16. Each 
step of a greedy algorithm must make one of several possible choices. The greedy 
strategy advocates making the choice that is the best at the moment. Such a strat- 
egy does not generally guarantee that it will always find globally optimal solutions 



The phrase "minimum spanning tree" is a shortened form of the phrase "minimum- weight spanning 
tree." We are not, for example, minimizing the number of edges in T, since all spanning trees have 
exactly \ V\ — 1 edges by Theorem B.2. 



23.1 Growing a minimum spanning tree 




625 



Figure A minimum spanning tree for a connected graph. The weights on edges are shown, 

and the edgtfsln a minimum spanning tree are shaded. The total weight of the tree shown is 37. This 
minimum spanning tree is not unique: removing the edge (b, c) and replacing it with the edge (a, h) 
yields another spanning tree with weight 37. 

to problems. For oT^riinimum-spanning-tree problem, however, we can prove that 
certain greedy strategics- do yield a spanning tree with minimum weight. Although 
you can read this chapte^ independently of Chapter 16, the greedy methods pre- 
sented here are a classic- application of the theoretical notions introduced there. 

Section 23.1 introducesya&^eneric" minimum-spanning-tree method that grows 
a spanning tree by adding ont^edge at a time. Section 23.2 gives two algorithms 
that implement the generic msmod. The first algorithm, due to Kruskal, is similar 
to the connected-components algorithm from Section 21.1. The second, due to 
Prim, resembles Dijkstra's shortestpaths algorithm (Section 24.3). 

Because a tree is a type of graph, > ^fforder to be precise we must define a tree in 
terms of not just its edges, but its vert@s as well. Although this chapter focuses 
on trees in terms of their edges, we shalphperate with the understanding that the 
vertices of a tree T are those that some edgepef T is incident on. 

a 



23.1 Growing a minimum spanning tree 



Assume that we have a connected, undirected graph(C^ = (V, E) with a weight 
function w : E -> R, and we wish to find a minimum (scanning tree for G. The 
two algorithms we consider in this chapter use a greedy ajjjJjoach to the problem, 
although they differ in how they apply this approach. 

This greedy strategy is captured by the following generic method, which grows 
the minimum spanning tree one edge at a time. The generic method manages a set 
of edges A, maintaining the following loop invariant: 



Prior to each iteration, A is a subset of some minimum spanning tree. 



At each step, we determine an edge (u, v) that we can add to A without violating 
this invariant, in the sense that A U {(u, v)} is also a subset of a minimum spanning 
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tree. We call such an edge a safe edge for A, since we can add it safely to A while 
maintaining the invariant. 

€ijNERlC-MST(G,u;) 

1 j 0 

2 Triple A does not form a spanning tree 

3 ^nd an edge (u, v) that is safe for A 

4 4^AU{(u,v)} 

5 return y4S 

We use the lodp^iijvariant as follows: 

Initialization: Affy line 1, the set A trivially satisfies the loop invariant. 
Maintenance: The in lines 2-4 maintains the invariant by adding only safe 

edges. y\ 
Termination: All edges added to A are in a minimum spanning tree, and so the 

set A returned in line 5 m^ be a minimum spanning tree. 

The tricky pail is, of course, ^ding a safe edge in line 3. One must exist, since 
when line 3 is executed, the invariantdictates that there is a spanning tree T such 
that A C T. Within the while loo^Jpody, A must be a proper subset of T, and 
therefore there must be an edge (u, v\^T such that (u, v) $ A and (u, v) is safe 
for A. Q 

In the remainder of this section, we pro^(Qg a rule (Theorem 23.1) for recogniz- 
ing safe edges. The next section describeH\^^lgorithms that use this rule to find 
safe edges efficiently. ✓fS 

We first need some definitions. A cut (S, V -pS) of an undirected graph G = 
(V, E) is a partition of V. Figure 23.2 illustrates ThWnotion. We say that an edge 
(u, v) e E crosses the cut (S, V — S) if one of its endpoints is in S and the other 
is in V — S. We say that a cut respects a set A of edge's if^no edge in A crosses the 
cut. An edge is a light edge crossing a cut if its weight isMhV minimum of any edge 
crossing the cut. Note that there can be more than one ligkt^dge crossing a cut in 
the case of ties. More generally, we say that an edge is a light edge satisfying a 
given property if its weight is the minimum of any edge satisfying the property. 

Our rule for recognizing safe edges is given by the following theorem. 

Theorem 23.1 

Let G = (V, E) be a connected, undirected graph with a real-valued weight func- 
tion w defined on E. Let A be a subset of E that is included in some minimum 
spanning tree for G, let (S, V — S) be any cut of G that respects A, and let (u, v) 
be a light edge crossing (S, V — S). Then, edge (w, v) is safe for A. 
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Figure 23.2 Two ways of viewin/*T& cut (S, V — S) of the graph from Figure 23.1. (a) Black 
vertices are in the set S, and whiter-vertices are in V — S. The edges crossing the cut are those 
connecting white vertices with black vtrtic^s. The edge (d, c) is the unique light edge crossing the 
cut. A subset A of the edges is shaded; nqtghhat the cut (S, V — S) respects A, since no edge of A 
crosses the cut. (b) The same graph with the^ertices in the set S on the left and the vertices in the 
set V — S on the right. An edge crosses the cuyrWt connects a vertex on the left with a vertex on the 
right. 

Proof Let T be a minimum spanning treevtoat includes A, and assume that T 
does not contain the light edge (u, v), sinceMt-Jt does, we are done. We shall 
construct another minimum spanning tree T' thafMj^ludes A U {(u, v)} by using a 
cut-and-paste technique, thereby showing that (u,V) is a safe edge for A. 

The edge (u, v) forms a cycle with the edges 8nihe simple path p from u 
to v in T, as Figure 23.3 illustrates. Since u and v kreon opposite sides of the 
cut (S, V — S), at least one edge in T lies on the simpt&Aath p and also crosses 
the cut. Let (x, y) be any such edge. The edge (x, y) is ntfpm A, because the cut 
respects A. Since (x,y) is on the unique simple path from u to v in T, remov- 
ing (x,y) breaks T into two components. Adding (u, v) reconnects them to form 
a new spanning tree T' = T — {(x, y)} U {(u, v)}. 

We next show that T' is a minimum spanning tree. Since (u, v) is a light edge 
crossing (S, V — S) and (x, y) also crosses this cut, w (u, v) < w (x, y). Therefore, 



w(T") = w(T) — w(x,y) + w(u,v) 
< w(T) . 
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Figure 23.3 The proof of Theorem 23.1. Black vertices are in S, and white vertices are in V — S. 
The edges in the rmnimurnXpaoning tree T are shown, but the edges in the graph G are not. The 
edges in A are shaded, and (f^ v) is a light edge crossing the cut (5, V — S). The edge (x, y) is 
an edge on the unique simple pitmjp from u to v in T. To form a minimum spanning tree T' that 
contains (u, v), remove the edge from T and add the edge (u, v). 

But T is a minimum spanning tree, so that w(T) < w(T'); thus, T must be a 
minimum spanning tree also. ^\ 

It remains to show that (u, v) is actually a safe edge for A. We have ^4^7"', 
since A C T 1 and (x, _y) ^ ^4; thus, ^4 u v)} C T'. Consequently, since T' is a 
minimum spanning tree, (w, v) is safe for^^ ■ 

Theorem 23.1 gives us a better understancfi^giof the workings of the GENERIC- 
MS T method on a connected graph G = (vSB\ As the method proceeds, the 
set A is always acyclic; otherwise, a minimum spanning tree including A would 
contain a cycle, which is a contradiction. At any pdunt in the execution, the graph 
G A = (V, A) is a forest, and each of the connected €omponents of Ga is a tree. 
(Some of the trees may contain just one vertex, as is th^ase, for example, when 
the method begins: A is empty and the forest contains (JjT I trees, one for each 
vertex.) Moreover, any safe edge (u, v) for A connects distiTf©)Components of G A , 
since A U {(u, v)} must be acyclic. 

The while loop in lines 2-A of Generic-MST executes \ V\ — 1 times because 
it finds one of the | V \ — 1 edges of a minimum spanning tree in each iteration. 
Initially, when A = 0, there are \ V\ trees in G A , and each iteration reduces that 
number by 1 . When the forest contains only a single tree, the method terminates. 

The two algorithms in Section 23.2 use the following corollary to Theorem 23. 1. 
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Corollary 23.2 

Let G = (V, E) be a connected, undirected graph with a real-valued weight func- 
^\ tion w defined on E. Let A be a subset of E that is included in some minimum 
v'spanning tree for G, and let C = (Vc, E c ) be a connected component (tree) in the 
fo^st Ga = (V, A). If (u, v) is a light edge connecting C to some other component 
in then (u, v) is safe for A. 

cut (Vc, V — Vc) respects A, and (u, v) is a light edge for this cut. 
Theref ore^iu , v) is safe for A. ■ 

V' 

Exercises N 
23.1-1 VS* 

Let (u,v) be a minimum- weight edge in a connected graph G. Show that (w, v) 
belongs to some mirt^fium spanning tree of G. 
<^ 

23.1-2 S> 

Professor Sabatier conjecto^ the following converse of Theorem 23.1. Let G = 
(V, E) be a connected, undirected graph with a real-valued weight function w de- 
fined on E. Let A be a subset of E that is included in some minimum spanning 
tree for G, let (S, V — S) be an^ cui of G that respects A, and let (m, v) be a safe 
edge for A crossing (5, V — S). TheV>(w, u) is a light edge for the cut. Show that 
the professor's conjecture is incorrect ^giving a counterexample. 

23.1-3 £y 

Show that if an edge (u, v) is contained interne minimum spanning tree, then it is 
a light edge crossing some cut of the graph.^(^) 

23.1-4 ®\ 

Give a simple example of a connected graph such that the set of edges {(u, v) : 
there exists a cut (S, V — S) such that (u, v) is a li|hLedge crossing (S, V — S)} 
does not form a minimum spanning tree. ^- q 

23.1-5 

Let e be a maximum-weight edge on some cycle of connected graph G = (V, E). 
Prove that there is a minimum spanning tree of G' = (V, E — {e}) that is also a 
minimum spanning tree of G. That is, there is a minimum spanning tree of G that 
does not include e. 
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23.1-6 

Show that a graph has a unique minimum spanning tree if, for every cut of the 
■^g-raph, there is a unique light edge crossing the cut. Show that the converse is not 
■tfws by giving a counterexample. 

2^ 

Argue^faat if all edge weights of a graph are positive, then any subset of edges that 
connectvMl vertices and has minimum total weight must be a tree. Give an example 
to show tharjhe same conclusion does not follow if we allow some weights to be 
nonpositive.x/ , 

X > 

23.1-8 

Let T be a minim^^ spanning tree of a graph G, and let L be the sorted list of the 
edge weights of T . ^riow that for any other minimum spanning tree T of G, the 
list L is also the sorted^M of edge weights of T . 

23.1-9 (\ 

Let T be a minimum spanmrfWree of a graph G = (V, E), and let V be a subset 
of V. Let T' be the subgraphxafT induced by V, and let G' be the subgraph of G 
induced by V. Show that if reconnected, then T' is a minimum spanning tree 
of G'. • > 

V > 

23.1-10 

Given a graph G and a minimum spanning tree T, suppose that we decrease the 
weight of one of the edges in T. Show thM T is still a minimum spanning tree 
for G. More formally, let T be a mmimums^ijining tree for G with edge weights 
given by weight function w. Choose one edge C^y) e T and a positive number k, 
and define the weight function w' by q 

\w(u,v) if(u,v)^(x,y), 
w (u, v) — { 

| w(x,y) — k if (u, v) = (x, y) . * 

Show that T is a minimum spanning tree for G with edge@dghts given by w'. 

23.1-11 * ^ 

Given a graph G and a minimum spanning tree T, suppose that we decrease the 
weight of one of the edges not in T. Give an algorithm for finding the minimum 
spanning tree in the modified graph. 
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23.2 The algorithms of Kruskal and Prim 

\J!he two minimum-spanning-tree algorithms described in this section elaborate on 
tfj^generic method. They each use a specific rule to determine a safe edge in line 3 
of ■€H)NERIC-MST. In Kruskal's algorithm, the set A is a forest whose vertices are 
all tn6^e of the given graph. The safe edge added to A is always a least-weight 
edge in(^e graph that connects two distinct components. In Prim's algorithm, the 
set A forijisSa single tree. The safe edge added to A is always a least-weight edge 
connecting^lhls'tree to a vertex not in the tree. 

<> 

Kruskal's algo^fym 

Kruskal's algorithm^finds a safe edge to add to the growing forest by finding, of all 
the edges that conned any two trees in the forest, an edge (u, v) of least weight. 
Let Ci and C 2 denote tue two trees that are connected by (u, v). Since (w, v) must 
be a light edge connecting^jg\ to some other tree, Corollary 23.2 implies that (u, v) 
is a safe edge for Ci . Krusl^ars algorithm qualifies as a greedy algorithm because 
at each step it adds to the foreman edge of least possible weight. 

Our implementation of Kruskal's algorithm is like the algorithm to compute 
connected components from Secern 21.1. It uses a disjoint-set data structure to 
maintain several disjoint sets of elements. Each set contains the vertices in one tree 
of the current forest. The operation Fi^-Set(m) returns a representative element 
from the set that contains u. Thus, we carfTdetermine whether two vertices u and v 
belong to the same tree by testing whetlrer'^jjvfD-SET(w) equals Find-Set(v). To 
combine trees, Kruskal's algorithm calls the^J^iON procedure. 

MST-Kruskal(G,w;) &x 

1 A = 0 ^ 

2 for each vertex v e G. V 

3 Make-Set(v) ^-p^ 

4 sort the edges ofG.E into nondecreasing order by werght w 

5 for each edge (u,v) 6 G.E, taken in nondecreasing ordgr by weight 

6 if Find-Set(w) 7^ Find-Set(v) 

7 A = AU{(u,v)\ 

8 Union(m,v) 

9 return A 



Figure 23.4 shows how Kruskal's algorithm works. Lines 1-3 initialize the set A 
to the empty set and create \ V\ trees, one containing each vertex. The for loop in 
lines 5-8 examines edges in order of weight, from lowest to highest. The loop 
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(a) (a 



(c) (a _ 



(e) (a 



(g) (a 




Figure 23.4 The execution of Kruskal's algorithm on the graph firoTri Figure 23.1. Shaded edges 
belong to the forest A being grown. The algorithm considers each edaerin sorted order by weight. 
An arrow points to the edge under consideration at each step of the algenjiim. If the edge joins two 
distinct trees in the forest, it is added to the forest, thereby merging the tvxfprees. 



checks, for each edge (u, v), whether the endpoints u and v belong to the same 
tree. If they do, then the edge (u, v) cannot be added to the forest without creating 
a cycle, and the edge is discarded. Otherwise, the two vertices belong to different 
trees. In this case, line 7 adds the edge (u, v) to A, and line 8 merges the vertices 
in the two trees. 
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Figure 23.4, continued Further steps in the (tion of Kmskal's algorithm. 

The running time of Kmskal's algoritlim4br a graph G = (V, E) depends 
on how we implement the disjoint-set data\spucture. We assume that we use 
the disjoint-set-forest implementation of SectioV2jk3 with the union-by-rank and 
path-compression heuristics, since it is the asymptotically fastest implementation 
known. Initializing the set A in line 1 takes 0(1) lime, and the time to sort the 
edges in line 4 is 0{E lg E). (We will account for theCcost of the \ V\ Make-Set 
operations in the for loop of lines 2-3 in a moment.) Qe for loop of lines 5-8 
performs 0(E) Find-Set and Union operations on the 3kjbint-set forest. Along 
with the \ V\ Make-Set operations, these take a total of 0({V + E) a(V)) time, 
where a is the very slowly growing function defined in Section 21.4. Because we 
assume that G is connected, we have \ E\ > \ V\ — 1 , and so the disjoint-set opera- 
tions take 0(Ea(V)) time. Moreover, since a(|F|) = 0(lg V) = 0(lg E), the to- 
tal running time of Kruskal 's algorithm is 0(E lg E). Observing that \E\ < \ V\ , 
we have lg \ E\ = 0(lg V), and so we can restate the running time of Kmskal's 
algorithm as 0(E lg V). 
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Prim's algorithm 



ike Kruskal's algorithm, Prim's algorithm is a special case of the generic min- 
ftafim-spanning-tree method from Section 23.1. Prim's algorithm operates much 
like Dijkstra's algorithm for finding shortest paths in a graph, which we shall see in 
SecnW24.3. Prim's algorithm has the property that the edges in the set A always 
form ^single tree. As Figure 23.5 shows, the tree starts from an arbitrary root 
vertex jCand grows until the tree spans all the vertices in V. Each step adds to the 
tree A a f^ht edge that connects A to an isolated vertex— one on which no edge 
of A is incrqpnt.^By Corollary 23.2, this rule adds only edges that are safe for A; 
therefore, whittle algorithm terminates, the edges in A form a minimum spanning 
tree. This strateg^)qualifies as greedy since at each step it adds to the tree an edge 
that contributes th^kinimum amount possible to the tree's weight. 

In order to implement Prim's algorithm efficiently, we need a fast way to select 
a new edge to add to th^free formed by the edges in A. In the pseudocode below, 
the connected graph G a«& the root r of the minimum spanning tree to be grown 
are inputs to the algorithm^ ^During execution of the algorithm, all vertices that 
are not in the tree reside irra^in-priority queue Q based on a key attribute. For 
each vertex v, the attribute vjtexAs the minimum weight of any edge connecting v 
to a vertex in the tree; by convention, v. key = oo if there is no such edge. The 
attribute v.n names the parent of % ju^he tree. The algorithm implicitly maintains 
the set A from Generic-MST as 

A = {(v.v.n):v 6 V-{r}-Q} . Q 



When the algorithm terminates, the min-p«6rity queue Q is empty; the minimum 
spanning tree A for G is thus 

A = {(v.v.ir) : v e V - {r}} . Q 

MST-PRiM(G,u;,r) 

1 for each w e G.V Q 

2 u.key = oo Q 

3 u.jt = NIL 

4 r.key = 0 

5 Q = G.V 

6 while 

7 U = EXTRACT-MlN(g) 

8 for each v e G.Adj[u] 

9 if v € Q and w(u, v) < v. key 

10 v.n = u 

11 v.key = w(u, v) 




Figure 23.5 The execution of Prim's algorithm on the graph from Figure 23.1. The root vertex 
is a. Shaded edges are in the tree being grown, and black vertices are in the tree. At each step of 
the algorithm, the vertices in the tree determine a cut of the graph, and a light edge crossing the cut 
is added to the tree. In the second step, for example, the algorithm has a choice of adding either 
edge (b, c) or edge (a, h) to the tree since both are light edges crossing the cut. 
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Figure 23.5 shows how Prim's algorithm works. Lines 1-5 set the key of each 
vertex to oo (except for the root r, whose key is set to 0 so that it will be the 
■^first vertex processed), set the parent of each vertex to NIL, and initialize the min- 
fifrority queue Q to contain all the vertices. The algorithm maintains the following 
thi(^)-part loop invariant: 



Jo each iteration of the while loop of lines 6-11, 



P^ri^nx) 

1. A^(v,v.7t):veV-{r}-Q}. 

2. The voices already placed into the minimum spanning tree are those in 

3. For all verpfces v e Q, if v.tt ^ NIL, then v. key < oo and v. key is 
the weight <§i^k light edge (v, v. it) connecting v to some vertex already 
placed into tha^minimum spanning tree. 

V>' 

Line 7 identifies a vene^u e Q incident on a light edge that crosses the cut 
(V — Q,Q) (with the exceptipn of the first iteration, in which u = r due to line 4). 
Removing u from the set yaSJds it to the set V — Q of vertices in the tree, thus 
adding (u,u.n) to A. The for loop of lines 8-11 updates the key and tt attributes 
of every vertex v adjacent to irbut not in the tree, thereby maintaining the third 
part of the loop invariant. * >^ 

The running time of Prim's algommri>depends on how we implement the min- 
priority queue Q. If we implement Q^as a binary min-heap (see Chapter 6), we 
can use the Build-Min-Heap procedure-U) perform lines 1-5 in O(V) time. The 
body of the while loop executes \ V\ time§>ahd since each Extract-Min opera- 
tion takes 0(lg V) time, the total time for ah"t£ils to Extract-Min is 0(V lg V). 
The for loop in lines 8-11 executes 0(E) thf© altogether, since the sum of the 
lengths of all adjacency lists is 2 \ E\. Within thd^r loop, we can implement the 
test for membership in Q in line 9 in constant time l^keeping a bit for each vertex 
that tells whether or not it is in Q , and updating the bit when the vertex is removed 
from Q. The assignment in line 11 involves an impliqfTpECREASE-KEY opera- 
tion on the min-heap, which a binary min-heap supports (fi?) 0(\g V) time. Thus, 
the total time for Prim's algorithm is 0(V lg V + E lg V) *£XD(E lg V), which is 
asymptotically the same as for our implementation of Kruskars algorithm. 

We can improve the asymptotic running time of Prim's algorithm by using Fi- 
bonacci heaps. Chapter 19 shows that if a Fibonacci heap holds \ V\ elements, an 
Extract-Min operation takes 0(lg V) amortized time and a Decrease-Key 
operation (to implement line 11) takes 0(1) amortized time. Therefore, if we use a 
Fibonacci heap to implement the min-priority queue Q, the running time of Prim's 
algorithm improves to 0(E + V lg V). 
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Exercises 
23.2-1 

uskal's algorithm can return different spanning trees for the same input graph G, 
ending on how it breaks ties when the edges are sorted into order. Show that 
tch minimum spanning tree T of G, there is a way to sort the edges of G in 
KrugfcVl's algorithm so that the algorithm returns T. 

23.2-2 0 

Suppose thjit we represent the graph G = (V, E) as an adjacency matrix. Give a 
simple implementation of Prim's algorithm for this case that runs in 0(V 2 ) time. 

23.2-3 

For a sparse graph^G = (V, E), where \E\ = ®{V), is the implementation of 
Prim's algorithm with ^Fibonacci heap asymptotically faster than the binary-heap 
implementation? Wnat^ibout for a dense graph, where \E\ = &{V 2 )1 How 
must the sizes \E\ ancK|K| be related for the Fibonacci-heap implementation to 
be asymptotically faster rH«^he binary-heap implementation? 

23.2-4 0 

Suppose that all edge weights in a graph are integers in the range from 1 to \ V\. 
How fast can you make Kruskal^ljlgorithm run? What if the edge weights are 
integers in the range from 1 to W forborne constant Wl 

23.2-5 CL 

Suppose that all edge weights in a grapf^are integers in the range from 1 to \ V\. 
How fast can you make Prim's algorithm nuw*What if the edge weights are integers 
in the ranee from 1 to W for some constanf<fK? 

23.2-6 ★ 

Suppose that the edge weights in a graph are uniformly distributed over the half- 
open interval [0, 1). Which algorithm, Kruskal's oi^Pjfim's, can you make run 
faster? Q 

23.2-7 * ^ 

Suppose that a graph G has a minimum spanning tree already computed. How 
quickly can we update the minimum spanning tree if we add a new vertex and 
incident edges to G? 

23.2-8 

Professor Borden proposes a new divide-and-conquer algorithm for computing 
minimum spanning trees, which goes as follows. Given a graph G = (V, E), 
partition the set V of vertices into two sets V\ and V 2 such that | V\ \ and | V 2 \ differ 
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by at most 1. Let Ei be the set of edges that are incident only on vertices in V\, and 
, let E 2 be the set of edges that are incident only on vertices in V 2 . Recursively solve 
■Cyb minimum-spanning-tree problem on each of the two subgraphs Gi = (Vi, Ei) 
•Him G 2 = (V 2 , E 2 ). Finally, select the minimum-weight edge in E that crosses the 
cu^CJ 7 !, V 2 ), and use this edge to unite the resulting two minimum spanning trees 
into ^ftngle spanning tree. 

Eitlw^rgue that the algorithm correctly computes a minimum spanning tree 
of G, orp^vide an example for which the algorithm fails. 

%s 

Problems \J 

23-1 Second-best minimum spanning tree 

Let G = (V, E) be ^ undirected, connected graph whose weight function is 
w : E — > R, and suppos^that \E\ > \ V\ and all edge weights are distinct. 

We define a second-bes|^»inimum spanning tree as follows. Let T be the set 
of all spanning trees of G, a^S let T be a minimum spanning tree of G. Then 
a second-best minimum spani^g tree is a spanning tree T such that w(T) = 
min T "eT-{T'}{w(T")}. , 

a. Show that the minimum spanning-rre^ is unique, but that the second-best mini- 
mum spanning tree need not be unKfug^ 

b. Let T be the minimum spanning tredGfcf G. Prove that G contains edges 
(u, v) € T and (x, y) $ T such that T ^jKw, v)} U {(x, y)} is a second-best 
minimum spanning tree of G. 

c. Let T be a spanning tree of G and, for any twcJ^^tices u, v e V, let max[u, v] 
denote an edge of maximum weight on the unique simple path between u and v 
in T. Describe an 0(V 2 )-time algorithm that, given ZL computes max[u, v] for 
allw.veF. 

d. Give an efficient algorithm to compute the second-best ri^mum spanning tree 
of G. 



23-2 Minimum spanning tree in sparse graphs 

For a very sparse connected graph G = (V, E), we can further improve upon the 
0(E + V lg V) running time of Prim's algorithm with Fibonacci heaps by prepro- 
cessing G to decrease the number of vertices before running Prim's algorithm. In 
particular, we choose, for each vertex u, the minimum-weight edge (u, v) incident 
on u, and we put (w, v) into the minimum spanning tree under construction. We 
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then contract all chosen edges (see Section B.4). Rather than contracting these 
edges one at a time, we first identify sets of vertices that are united into the same 
^\ new vertex. Then we create the graph that would have resulted from contracting 
v'niese edges one at a time, but we do so by "renaming" edges according to the sets 
info which their endpoints were placed. Several edges from the original graph may 
be^CTamed the same as each other. In such a case, only one edge results, and its 
weigpHs the minimum of the weights of the corresponding original edges. 

InittaWv, we set the minimum spanning tree T being constructed to be empty, 
and for\;a«h edge (w,v) € E, we initialize the attributes (u,v).orig = (u,v) 
and (w, v)re ^w(u, v). We use the orig attribute to reference the edge from the 
initial grapfNhat is associated with an edge in the contracted graph. The c attribute 
holds the weight of an edge, and as edges are contracted, we update it according to 
the above schemeJior choosing edge weights. The procedure MST-Reduce takes 
inputs G and T , and it jeturns a contracted graph G' with updated attributes orig' 
and c'. The procedih^ also accumulates edges of G into the minimum spanning 
tree T. O 

MST-Reduce(G, T) 

1 for each v e G. V 0 

2 v.mark = FALSE • > 

3 Make-Set(v) tj 

4 for each u e G.V \S 

5 if u. mark == FALSE Q 

6 choose v e G.Adj[u] such@at (u, v).c is minimized 

7 UNlON(u, v) 

8 T = TU{(u,v).orig} ^ 

9 u.mark = v.mark = TRUE f\ 
10 G'.V = {Find-Set(v) : v e G.V} * 



11 G'.E = 0 

12 for each (x,y) e G.E 

13 u = Find-Set(jc) 

14 v = Find-Set(j) 

15 it(u,v)#G'.E 

16 G'.E = G'.EU{(u.v)} 

17 (u,v).orig' = (x,y).orig 

18 (u, v).c' = (x, y).c 

19 else if (x, y).c < (u, v).c' 

20 (u,v).orig' = (x,y).orig 

21 (u, v).c' = (x, y).c 

22 construct adjacency lists G' .Adj for G' 

23 return G' and T 
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a. Let T be the set of edges returned by MST-Reduce, and let A be the minimum 
spanning tree of the graph G' formed by the call MST-Prim(G', c',r), where c' 
is the weight attribute on the edges of G'.E and r is any vertex in G' . V. Prove 

vQthat T U {(x, y).orig' : (x,y) e A} is a minimum spanning tree of G. 

feS^iethat \G'.V\ < \ V\/2. 

c. ShdS^t low to implement MST-REDUCE so that it runs in 0(E) time. (Hint: 
Use sm^^ data structures.) 

d. Suppose thai we run k phases of MST-REDUCE, using the output G' produced 
by one phases the input G to the next phase and accumulating edges in T . 
Argue that the«JXterall running time of the k phases is O(kE). 

c 

e. Suppose that after running k phases of MST-Reduce, as in part (d), we run 
Prim's algorithm by ogling MST-Prim(G', c', r), where G', with weight at- 
tribute c', is returned Dy^the last phase and r is any vertex in G' . V. Show how 
to pick k so that the ov«er3Jl running time is 0(E lglg V). Argue that your 
choice of k minimizes thextv^rall asymptotic running time. 

/ For what values of \E\ (in terms of>| V\) does Prim's algorithm with preprocess- 
ing asymptotically beat Prim's d@rithm without preprocessing? 



23-3 Bottleneck spanning tree o 

A bottleneck spanning tree T of an und^Iked graph G is a spanning tree of G 
whose largest edge weight is minimum overy^k spanning trees of G. We say that 
the value of the bottleneck spanning tree is^e)weight of the maximum-weight 
edge in T. O 

c 

a. Argue that a minimum spanning tree is a bottleneck spanning tree. 

Part (a) shows that finding a bottleneck spanning treeO'no harder than finding 
a minimum spanning tree. In the remaining parts, we wi^L_show how to find a 
bottleneck spanning tree in linear time. 

b. Give a linear-time algorithm that given a graph G and an integer b, determines 
whether the value of the bottleneck spanning tree is at most b. 

c. Use your algorithm for pail (b) as a subroutine in a linear-time algorithm for 
the bottleneck-spanning-tree problem. (Hint: You may want to use a subroutine 
that contracts sets of edges, as in the MST-Reduce procedure described in 
Problem 23-2.) 
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23-4 Alternative minimum-spanning-tree algorithms 

, In this problem, we give pseudocode for three different algorithms. Each one takes 
\§\ a connected graph and a weight function as input and returns a set of edges T. For 
v^aach algorithm, either prove that T is a minimum spanning tree or prove that T is 
~A a minimum spanning tree. Also describe the most efficient implementation of 
c^ilgorithm, whether or not it computes a minimum spanning tree. 

]V^BE-MST-A(G,u;) 

1 S)yhe edges into nonincreasing order of edge weights w 

2 T*pE. 

3 for e^h edge e, taken in nonincreasing order by weight 
{<?} is a connected graph 

5 <fr=T-{e} 

6 return T 

Maybe-MST-B(G>u^ 

1 T = 0 ^\ 

2 for each edge e, takeh/m> arbitrary order 

3 if T U {e} has no cycles 

4 r = ruM V 

V. 



5 return T 



o 

Maybe-MST-C(G, w) 

1 7 = 0 ^ 

2 for each edge e, taken in arbitrary or^r) 

3 T = TU{e} O 

4 if r has a cycle c 

5 let e' be a maximum- weight edge on c 

6 T = T-{e'} 

7 return T 

% 



Chapter notes 



Taijan [330] surveys the minimum-spanning-tree problem and provides excellent 
advanced material. Graham and Hell [151] compiled a history of the minimum- 
spanning-tree problem. 

Tarjan attributes the first minimum-spanning-tree algorithm to a 1926 paper by 
O. Boriivka. Boriivka's algorithm consists of running 0(lg V) iterations of the 
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procedure MST-Reduce described in Problem 23-2. Kruskal's algorithm was 
reported by Kruskal [222] in 1956. The algorithm commonly known as Prim's 
•^lgprithm was indeed invented by Prim [285], but it was also invented earlier by 
^arnfk in 1930. 

K ' reason underlying why greedy algorithms are effective at finding minimum 
)g trees is that the set of forests of a graph forms a graphic matroid. (See 
,4.) 

= Q(V lg V), Prim's algorithm, implemented with Fibonacci heaps, 
time. For sparser graphs, using a combination of the ideas from 
Prim's algorithm; Kruskal's algorithm, and Boriivka's algorithm, together with ad- 
vanced data structures, Fredman and Tarjan [114] give an algorithm that runs in 
0(E lg* V) timar Gabow, Galil, Spencer, and Tarjan [120] improved this algo- 
rithm to run in 0\EJg lg* V) time. Chazelle [60] gives an algorithm that runs 
in 0(E a(E, V)) time, where a(E, V) is the functional inverse of Ackermann's 
function. (See the chapter, notes for Chapter 21 for a brief discussion of Acker- 
mann's function and its Averse.) Unlike previous minimum-spanning-tree algo- 
rithms, Chazelle's algorithi^does not follow the greedy method. 

A related problem is spanlfplg-tree verification, in which we are given a graph 
G = (V, E) and a tree T C E, ^ffri we wish to determine whether T is a minimum 
spanning tree of G. King [203] g^ves a linear-time algorithm to verify a spanning 
tree, building on earlier work of Ko^rftros [215] and Dixon, Rauch, and Tarjan [90]. 

The above algorithms are all deterministic and fall into the comparison-based 
model described in Chapter 8. Karger, Ki^in, and Tarjan [195] give a randomized 
minimum-spanning-tree algorithm that runs* in 0(V + E) expected time. This 
algorithm uses recursion in a manner simrrafTtei the linear-time selection algorithm 
in Section 9.3: a recursive call on an auxiliar^frroblem identifies a subset of the 
edges E' that cannot be in any minimum sparrrjW tree. Another recursive call 
on E — E' then finds the minimum spanning treW^Hie algorithm also uses ideas 
from Boruvka's algorithm and King's algorithm for«panning-tree verification. 

Fredman and Willard [116] showed how to find a* minimum spanning tree in 
0(V + E) time using a deterministic algorithm that is not comparison based. Their 
algorithm assumes that the data are ft-bit integers and thaLme computer memory 
consists of addressable b-b\t words. <0 



24 • » Single-Source Shortest Paths 

Professor Patricknjdshes to find the shortest possible route from Phoenix to Indi- 
anapolis. Given a rts(ad map of the United States on which the distance between 
each pair of adjacent intersections is marked, how can she determine this shortest 
route? 



One possible way wSuJd be to enumerate all the routes from Phoenix to Indi- 
anapolis, add up the distance on each route, and select the shortest. It is easy to 
see, however, that even disallowing routes that contain cycles, Professor Patrick 
would have to examine an enormous number of possibilities, most of which are 
simply not worth considering. for example, a route from Phoenix to Indianapolis 
that passes through Seattle is obv©isby a poor choice, because Seattle is several 
hundred miles out of the way. \( 

In this chapter and in Chapter 25, @3 show how to solve such problems ef- 
ficiently. In a shortest-paths problem ^Jvjk are given a weighted, directed graph 
G = (V, E), with weight function w : E^-^- M mapping edges to real -valued 
weights. The weight w(p) of path p — (va^S . . . , Vk) is the sum of the weights 
of its constituent edges: r\ 

C 

W{p) = J^U>(Vi_i,V,) . . 

We define the shortest-path weight S(u, v) from u to v 1© 



8(u, v) 



min{ w(p) : u ~> v) if there is a path from ; 
oo otherwise . 



A shortest path from vertex u to vertex v is then defined as any path p with weight 
w(p) — 8(u, v). 

In the Phoenix-to-Indianapolis example, we can model the road map as a graph: 
vertices represent intersections, edges represent road segments between intersec- 
tions, and edge weights represent road distances. Our goal is to find a shortest path 
from a given intersection in Phoenix to a given intersection in Indianapolis. 



Chapter 24 Single-Source Shortest Paths 



Edge weights can represent metrics other than distances, such as time, cost, 
penalties, loss, or any other quantity that accumulates linearly along a path and 
•^Siat we would want to minimize, 
v^he breadth-first-search algorithm from Section 22.2 is a shortest-paths algo- 
rithm that works on unweighted graphs, that is, graphs in which each edge has unit 
weighl} Because many of the concepts from breadth-first search arise in the study 
of shorteHt paths in weighted graphs, you might want to review Section 22.2 before 
proceeding 

Variants y*' 

In this chapter, shall focus on the single-source shortest-paths problem: given 
a graph G = (F,$Lwe want to find a shortest path from a given source vertex 
s € V to each vertd[j\ € V. The algorithm for the single-source problem can 
solve many other probi^ms, including the following variants. 

Single-destination shortest*paths problem: Find a shortest path to a given des- 
tination vertex t from eatfWertex v. By reversing the direction of each edge in 
the graph, we can reduce mis-problem to a single-source problem. 

Single-pair shortest-path problem: Find a shortest path from u to v for given 
vertices u and v. If we solve th^ingle-source problem with source vertex u, 
we solve this problem also. Morecay^r, all known algorithms for this problem 
have the same worst-case asymptotie>running time as the best single-source 
algorithms. 

All-pairs shortest-paths problem: Find a softest path from u to v for every pair 
of vertices u and v. Although we can sol^^fais problem by running a single- 
source algorithm once from each vertex, we ^syally can solve it faster. Addi- 
tionally, its structure is interesting in its own rigftt. Chapter 25 addresses the 
all-pairs problem in detail. 

o 

Optimal substructure of a shortest path q 



Shortest-paths algorithms typically rely on the property fhapk shortest path be- 
tween two vertices contains other shortest paths within it. (The Edmonds-Karp 
maximum-flow algorithm in Chapter 26 also relies on this property.) Recall 
that optimal substructure is one of the key indicators that dynamic programming 
(Chapter 15) and the greedy method (Chapter 16) might apply. Dijkstra's algo- 
rithm, which we shall see in Section 24.3, is a greedy algorithm, and the Floyd- 
Warshall algorithm, which finds shortest paths between all pairs of vertices (see 
Section 25.2), is a dynamic-programming algorithm. The following lemma states 
the optimal-substructure property of shortest paths more precisely. 



Chapter 24 Single -Source Shortest Paths 



645 



Lemma 24.1 (Subpaths of shortest paths are shortest paths) 

Given a weighted, directed graph G = (V, E) with weight function w : E — > R, 
^\ let p = (vo, Vi, . . . , Vfc) be a shortest path from vertex v 0 to vertex Vk and, for any 
v^nand j such that 0 < i < j < k, let p { j = (v,, . . . , Vj) be the subpath of p 
l^Jn vertex u, to vertex Vj . Then, is a shortest path from v, to v, . 

^5 

Proo£\^\f we decompose path /> into v 0 ~J v, ~J Vj ~» V/t, then we have that 
w (p) =^y(Poi) + w(Pij) + w(pjk). Now, assume that there is a path p[j from v, 

to Vy witli^eight w{p\j) < w(pij). Then, v 0 ^> v, v 7 ^ Vyt is a path from v 0 
to Vk whosewejght w(p 0 i) + w(p' ij ) + w(pjk) is less than w (p), which contradicts 
the assumptio'hjhat p is a shortest path from v 0 to v^. ■ 

Negative-weight etlge^s. 

Some instances of the^ingle-source shortest-paths problem may include edges 
whose weights are negatrVe. If the graph G = (V, E) contains no negative- 
weight cycles reachable frai^ the source s, then for all v € V, the shortest-path 
weight 8(s, v) remains weir defined, even if it has a negative value. If the graph 
contains a negative-weight cycle reachable from s, however, shortest-path weights 
are not well defined. No path*frpiJi s to a vertex on the cycle can be a short- 
est path— we can always find a pattr w>th lower weight by following the proposed 
"shortest" path and then traversing the neeative-weight cycle. If there is a negative- 
weight cycle on some path from s to vWe define 8(s, v) = —oo. 

Figure 24. 1 illustrates the effect of negative weights and negative- weight cy- 
cles on shortest-path weights. Because triare- is only one path from s to a (the 
path (s, a)), we have 8(s, a) = w(s,a) =*aD Similarly, there is only one path 
from s to b, and so 8(s,b) = w(s,a) + w(a,^> = 3 + (—4) = —1. There are 
infinitely many paths from s to c: (s, c), (s, c, d(c), (s, c, d, c, d, c), and so on. 
Because the cycle {c,d,c} has weight 6 + (—3) = 1 > 0, the shortest path from s 
to c is (s, c), with weight 8(s, c) = w(s, c) = 5. Simil(£rly, the shortest path from s 
to d is (s,c,d), with weight 8(s, d) = w{s,c) + w{c,a)Q 11. Analogously, there 
are infinitely many paths from s to e: (s, e), (s, e, f, /, e, f, e), and so 

on. Because the cycle (e, /, e) has weight 3 + (—6) = — 3 < 0, however, there 
is no shortest path from s to e. By traversing the negative-weight cycle {e, f, e) 
arbitrarily many times, we can find paths from 5 to e with arbitrarily large negative 
weights, and so 8(s, e) = — oo. Similarly, 8(s, f ) = — oo. Because g is reachable 
from /, we can also find paths with arbitrarily large negative weights from s to g, 
and so 8(s, g) = — oo. Vertices h, i, and j also form a negative-weight cycle. They 
are not reachable from s, however, and so 8(s, h) — 8(s, i) — 8(s, j) = oo. 
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Figure 24.1 Neg^!t^2 edge weights in a directed graph. The shortest-path weight from source s 
appears within each v^r^c. Because vertices e and / form a negative-weight cycle reachable from s, 
they have shortest-path wg^jhts of — oo. Because vertex g is reachable from a vertex whose shortest- 
path weight is — oo, it, too, ha* a shortest-path weight of — oo. Vertices such as h, i, and j are not 
reachable from s, and so their shortest-path weights are oo, even though they lie on a negative-weight 
cycle. C 

Some shortest-paths algorithms, such as Dijkstra's algorithm, assume that all 
edge weights in the input graph(^se nonnegative, as in the road-map example. Oth- 
ers, such as the Bellman-Ford algorithm, allow negative-weight edges in the in- 
put graph and produce a correct art@sr as long as no negative-weight cycles are 
reachable from the source. Typically,\^here is such a negative-weight cycle, the 
algorithm can detect and report its existe@e. 



Cycles 



Can a shortest path contain a cycle? As we fta^& just seen, it cannot contain a 
negative-weight cycle. Nor can it contain a positiw-weight cycle, since remov- 
ing the cycle from the path produces a path with trie same source and destination 
vertices and a lower path weight. That is, if p = (9o,Jli, . . . , Vjt) is a P at h an d 
c = (V{, Vj+i, . . . , Vj) is a positive- weight cycle on thisvpafh (so that v, = Vj and 
w(c) > 0), then the path p' = (v 0 , Vi, . . . , v, , Vj +l , ■ • • > Vk) has weight 
w(p') — w(p) — w(c) < w(p), and so p cannot be a shorte«ppath from v 0 to v^. 

That leaves only 0-weight cycles. We can remove a 0-weight cycle from any 
path to produce another path whose weight is the same. Thus, if there is a shortest 
path from a source vertex s to a destination vertex v that contains a 0-weight cycle, 
then there is another shortest path from s to v without this cycle. As long as a 
shortest path has 0-weight cycles, we can repeatedly remove these cycles from the 
path until we have a shortest path that is cycle-free. Therefore, without loss of 
generality we can assume that when we are finding shortest paths, they have no 
cycles, i.e., they are simple paths. Since any acyclic path in a graph G = (V, E) 
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contains at most \ V\ distinct vertices, it also contains at most \ V\ — 1 edges. Thus, 
we can restrict our attention to shortest paths of at most | V \ — 1 edges. 

'^Representing shortest paths 

W^Wten wish to compute not only shortest-path weights, but the vertices on short- 
est TE^jjths as well. We represent shortest paths similarly to how we represented 
breadm-Arst trees in Section 22.2. Given a graph G = (V, E), we maintain for 
each veVrex v € V a predecessor v.jt that is either another vertex or NIL. The 
shortest-paths, algorithms in this chapter set the tt attributes so that the chain of pre- 
decessors originating at a vertex v runs backwards along a shortest path from s to v. 
Thus, given a \ertex v for which v.n ^ nil, the procedure Print-Path (G, s, v) 
from Section 22$ will print a shortest path from s to v. 

In the midst of executing a shortest-paths algorithm, however, the n values might 
not indicate shortest^ths. As in breadth-first search, we shall be interested in the 
predecessor subgraph <^j" n = (V„, E n ) induced by the n values. Here again, we 
define the vertex set V K tjlfbe the set of vertices of G with non-NiL predecessors, 
plus the source s: 



V n = {v e V : v.n ^ nil} . 

The directed edge set E n is the s^^)f edges induced by the tz values for vertices 
in V n : ^> 

E Jt = {(v.n,v)eE:ve V n -{s}} P 

We shall prove that the it values produce(cxt>y the algorithms in this chapter have 
the property that at termination G n is a "sho^eft-pafhs tree"— informally, a rooted 
tree containing a shortest path from the source(?\to every vertex that is reachable 
from s. A shortest-paths tree is like the breadth-f^ tree from Section 22.2, but it 
contains shortest paths from the source defined in terms of edge weights instead of 
numbers of edges. To be precise, let G = (V, E) be^-a- weighted, directed graph 
with weight function w : E — > IR, and assume that G explains no negative-weight 
cycles reachable from the source vertex s € V, so thaf^jortest paths are well 
defined. A shortest-paths tree rooted at s is a directed subgraph G' = (V , E'), 
where V C V and E' c E, such that 

1. V is the set of vertices reachable from s in G, 

2. G' forms a rooted tree with root s, and 

3. for all v 6 V, the unique simple path from s to v in G' is a shortest path from s 
to v in G. 
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Figure 24.2 (^LX' weighted, directed graph with shortest-path weights from source .?. (b) The 
shaded edges form aidrortest-paths tree rooted at the source s. (c) Another shortest-paths tree with 
the same root. ^^^V 

Shortest paths are nd^ecessarily unique, and neither are shortest-paths trees. For 
example, Figure 24.2 sS^fjws a weighted, directed graph and two shortest-paths trees 
with the same root. 

\ 

Relaxation ^ 

The algorithms in this chapter ^bse the technique of relaxation. For each vertex 
v e V, we maintain an attribute v^^v which is an upper bound on the weight of 
a shortest path from source s to vS^wk call v.d a shortest-path estimate. We 
initialize the shortest-path estimates anuBredecessors by the following 0(K)-time 
procedure: 

Or* 



Initialize-Single-Source(G, s) 

1 for each vertex v e G.V 

2 v.d = oo 

3 V.7T = NIL 

4 s.d = 0 



O 



NIL for all v € V, 0, and v.d 



oo for 



After initialization, we have v.n 
v e V-{s}. 

The process of relaxing an edge (u, v) consists of testingVcvhether we can im- 
prove the shortest path to v found so far by going through u and, if so, updat- 
ing v.d and v.n. A relaxation step 1 may decrease the value of the shortest-path 



ng^vr 



It may seem strange that the term "relaxation" is used for an operation that tightens an upper bound. 
The use of the term is historical. The outcome of a relaxation step can be viewed as a relaxation 
of the constraint v.d < u.d + w(u,v), which, by the triangle inequality (Lemma 24.10), must be 
satisfied if u.d = S(s, u) and v.d = S(s, v). That is, if v.d < u.d + w(u, v), there is no "pressure" 
to satisfy this constraint, so the constraint is "relaxed." 
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Relax(m,v,w) 



II V 



0 

(^)) (b) 

Figure 24.3 y-'Rekjxing an edge (u, v) with weight w(u, v) = 2. The shortest-path estimate of each 
vertex appears^frithin the vertex, (a) Because v.d > u.d + w(u,v) prior to relaxation, the value 
of v.d decreases*^ Here, v.d < u.d + w(u,v) before relaxing the edge, and so the relaxation step 
leaves v. d unchanged"^ 

estimate v.d and update v's predecessor attribute v.n. The following code per- 
forms a relaxation step^f} edge (u, v) in 0(1) time: 

Relax(w, v, w) 

1 if v.d > u.d + w (u, v) /C\ 

2 v.d = u.d + w(u, vp 

3 v.n = u * ^2 

Figure 24.3 shows two examples of faxing an edge, one in which a shortest-path 
estimate decreases and one in which nQstimate changes. 

Each algorithm in this chapter calls I^^IALIZE-SINGLE-SOURCE and then re- 
peatedly relaxes edges. Moreover, relaxations the only means by which shortest- 
path estimates and predecessors change. Th^lgorithms in this chapter differ in 
how many times they relax each edge and the or^ej in which they relax edges. Dijk- 
stra's algorithm and the shortest-paths algorithm directed acyclic graphs relax 
each edge exactly once. The Bellman-Ford algorithm relaxes each edge \ V\ — 1 
times. ^ 

CX 

Properties of shortest paths and relaxation /l 

To prove the algorithms in this chapter correct, we shall appeal to several prop- 
erties of shortest paths and relaxation. We state these properties here, and Sec- 
tion 24.5 proves them formally. For your reference, each property stated here in- 
cludes the appropriate lemma or corollary number from Section 24.5. The latter 
five of these properties, which refer to shortest-path estimates or the predecessor 
subgraph, implicitly assume that the graph is initialized with a call to Initialize- 
Single-S0URCE(G,*) and that the only way that shortest-path estimates and the 
predecessor subgraph change are by some sequence of relaxation steps. 
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Triangle inequality (Lemma 24.10) 

For any edge (u, v) 6 E, we have 8(s, v) < 8{s, u) + w(u, v). 

►per-bound property (Lemma 24.11) 
\P\Ve always have v.d > 8(s, v) for all vertices v € V, and once v. d achieves the 
C^kiue 8(s, v), it never changes. 

iroperty (Corollary 24.12) 

as no path from s to v, then we always have v.d = 8(s, v) = oo. 

Convergely^eNproperty (Lemma 24. 14) 

If s ~» vC*->\v is a shortest path in G for some u, v e V, and if u.d = 8(s, u) at 
any time prkjj^o relaxing edge (u, v), then v.d = 8(s, v) at all times afterward. 

Path-relaxation p^i^perty (Lemma 24.15) 

If p = (vq, Vi, Vyt) is a shortest path from s = v 0 to v^, and we relax the 
edges of p in the order (v 0 , Vi), (vi, v 2 ), . . . , (v^-i, Vk), then v^.d = 8(s, v^). 
This property holdsre|&rdless of any other relaxation steps that occur, even if 
they are intermixed wrth^elaxations of the edges of p. 

Predecessor-subgraph property (Lemma 24.17) 

Once v.d = 8(s. v) for all V, the predecessor subgraph is a shortest-paths 
tree rooted at s. 

Chapter outline \ 

Section 24. 1 presents the Bellman-Ford ah|3);ifhm, which solves the single-source 
shortest-paths problem in the general case in ^ich edges can have negative weight. 
The Bellman-Ford algorithm is remarkably sii^le, and it has the further benefit 
of detecting whether a negative-weight cycle is reachable from the source. Sec- 
tion 24.2 gives a linear-time algorithm for computing shortest paths from a single 
source in a directed acyclic graph. Section 24.3 covers Dijkstra's algorithm, which 
has a lower running time than the Bellman-Ford algorithm but requires the edge 
weights to be nonnegative. Section 24.4 shows how we^eanoise the Bellman-Ford 
algorithm to solve a special case of linear programmingV^Enally, Section 24.5 
proves the properties of shortest paths and relaxation stated apove. 

We require some conventions for doing arithmetic with infinities. We shall as- 
sume that for any real number a ^ — oo, we have <2 + oo = oo-|-a = oo. Also, to 
make our proofs hold in the presence of negative-weight cycles, we shall assume 
that for any real number a ^ oo, we have a + (— oo) = (— oo) + a = — oo. 

All algorithms in this chapter assume that the directed graph G is stored in the 
adjacency-list representation. Additionally, stored with each edge is its weight, so 
that as we traverse each adjacency list, we can determine the edge weights in 0(1) 
time per edge. 
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24.1 The Bellman-Ford algorithm 

\J!he Bellman-Ford algorithm solves the single-source shortest-paths problem in 
tfj^ general case in which edge weights may be negative. Given a weighted, di- 
rects graph G = (V, E) with source s and weight function w : E — > R, the 
Belln^ji-Ford algorithm returns a boolean value indicating whether or not there is 
a negatj^-weight cycle that is reachable from the source. If there is such a cy- 
cle, the aigWithm indicates that no solution exists. If there is no such cycle, the 
algorithm prpjdtices the shortest paths and their weights. 

The algonthA relaxes edges, progressively decreasing an estimate v.d on the 
weight of a shortest path from the source s to each vertex v € V until it achieves 
the actual shortesx-p^th weight 8(s, v). The algorithm returns TRUE if and only if 
the graph contains ncnjegative- weight cycles that are reachable from the source. 

Bellman-Ford (G, i£ss) 



1 lNITIALIZE-SlNGLE-yQS(RCE(G, s) 

2 fori = 1 to \G.V\ - 

3 for each edge (u, v) e-Yr.Z? 

4 Relax(m, v, w) *2 

5 for each edge (u, v) € G.E \J v 

6 if v.d > u.d + w(u, v) \ 

1 return FALSE o 

8 return TRUE 

Figure 24.4 shows the execution of the^^^llman-Ford algorithm on a graph 
with 5 vertices. After initializing the d and Rvalues of all vertices in line 1, 
the algorithm makes | V \ — 1 passes over the ed^$ss of the graph. Each pass is 
one iteration of the for loop of lines 2-A and consists of relaxing each edge of the 
graph once. Figures 24.4(b)-(e) show the state of the^Jgorithm after each of the 
four passes over the edges. After making \ V\ — 1 passes, lines 5-8 check for a 
negative-weight cycle and return the appropriate boolearr^Ajue. (We'll see a little 
later why this check works.) s 

The Bellman-Ford algorithm runs in time O(VE), since the initialization in 
line 1 takes &(V) time, each of the \V\ — 1 passes over the edges in lines 2^1 
takes <d(E) time, and the for loop of lines 5-7 takes 0(E) time. 

To prove the correctness of the Bellman-Ford algorithm, we start by showing that 
if there are no negative-weight cycles, the algorithm computes correct shortest-path 
weights for all vertices reachable from the source. 
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Figure 24.4 The execution of the Belljnan-f ord algorithm. The source is vertex s. The d val- 
ues appear within the vertices, and shadsffejdges indicate predecessor values: if edge (u,v) is 
shaded, then v.n = u. In this particular example, each pass relaxes the edges in the order 
(t, x), (t, y), (r, z), (x, t), (y, x), (y, z), (z, x)Xz*4)> (*> 0> (*> >0- ( a ) The situation just before the 
first pass over the edges, (b)-(e) The situation Waiter each successive pass over the edges. The d 
and it values in part (e) are the final values. Th^^ellman-Ford algorithm returns TRUE in this 
example. 



<6 



Lemma 24.2 Q 

Let G = {V, E) be a weighted, directed graph wtfffi source s and weight func- 
tion w : E -> R, and assume that G contains no negative-weight cycles that are 
reachable from s. Then, after the \ V\ — 1 iterations o|The for loop of lines 2-4 
of Bellman-Ford, we have v.d = 8(s, v) for all verti^of v that are reachable 
from s. 



Proof We prove the lemma by appealing to the path-relaxation property. Con- 
sider any vertex v that is reachable from s, and let p = (v 0 , Vi, . . . , Vk), where 
v Q = s and — v, be any shortest path from s to v. Because shortest paths are 
simple, p has at most \ V\ — 1 edges, and so k < \ V\ — 1. Each of the \ V\ — 1 itera- 
tions of the for loop of lines 2-A relaxes all \ E\ edges. Among the edges relaxed in 
the i th iteration, for i = 1, 2, . . . , k, is (Vj_i, V;). By the path-relaxation property, 
therefore, v.d = v k .d = 8(s, Vk) = 8(s, v). m 
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Corollary 24.3 

Let G = (V, E) be a weighted, directed graph with source vertex s and weight 
^\ function w : E —> R, and assume that G contains no negative-weight cycles that 
y^e reachable from s. Then, for each vertex v € V, there is a path from s to v if 
an£J only if Bellman-Ford terminates with v.d < oo when it is run on G. 

Prdfjj^The proof is left as Exercise 24.1-2. ■ 

Theorem^24.4 (Correctness of the Bellman-Ford algorithm) 

Let Bellman,-Ford be run on a weighted, directed graph G = (V, E) with 
source s ancKweight function w : E —> R. If G contains no negative- weight cycles 
that are reach£|?fe from s, then the algorithm returns TRUE, we have v.d = 8(s, v) 
for all vertices V, and the predecessor subgraph G n is a shortest-paths tree 
rooted at s. If G d^es contain a negative-weight cycle reachable from s, then the 
algorithm returns FAT^E. 

Proof Suppose that gratfn> G contains no negative-weight cycles that are reach- 
able from the source s. We^&st prove the claim that at termination, v.d = S(s, v) 
for all vertices v € V. If verte^y is reachable from s, then Lemma 24.2 proves this 
claim. If v is not reachable from s, then the claim follows from the no-path prop- 
erty. Thus, the claim is proven. The^redecessor-subgraph property, along with the 
claim, implies that G n is a shortesFpaths tree. Now we use the claim to show that 
Bellman-Ford returns true. At termination, we have for all edges (u, v) e E, 

v.d = S(s,v) 

< 8(s,u) + w(u,v) (by the ttiangjS^inequality) 
= u. d +„(».„), *O q 

and so none of the tests in line 6 causes BELLMA^fcoRD to return FALSE. There- 
fore, it returns TRUE. 

Now, suppose that graph G contains a negative-wei^it cycle that is reachable 
from the source s; let this cycle be c = (v 0 , V\ v^^here v 0 = v^. Then, 

«$> 

J2^i-i,Vi)<0. (24.1) 



Assume for the purpose of contradiction that the Bellman-Ford algorithm returns 
TRUE. Thus, Vi.d < Vi-i.d + u?(Vi_i, v*) for i = \,2,...,k. Summing the 
inequalities around cycle c gives us 
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^2,vt.d < ^2,{vt-i.d + w(Vi- U v,)) 

Since i(?\)= each vertex in c appears exactly once in each of the summations 
E/=i v,-.(*§nd £ i=1 ^-l-^ and so 

Moreover, by CoroHa^ 24.3, v,-.c? is finite for / = 1,2, . . . ,k. Thus, 



A: 



0<2>(v ; -i,v0, X <A 

<^ 

which contradicts inequality (24.1). We conclude that the Bellman-Ford algorithm 
returns TRUE if graph G conta^ no negative-weight cycles reachable from the 
source, and FALSE otherwise. ■ 

Exercises 

24.1-1 O 

Run the Bellman-Ford algorithm on the directed graph of Figure 24.4, using ver- 
tex z as the source. In each pass, relax edges withe same order as in the figure, and 
show the d and n values after each pass. Now^-change the weight of edge (z, x) 
to 4 and run the algorithm again, using 5 as the sourcj^. 

24.1-2 . 

Prove Corollary 24.3. Q. 

24.1-3 Qs 

Given a weighted, directed graph G = (V, E) with no ne*gative-weight cycles, 
let m be the maximum over all vertices v e V of the minimum number of edges 
in a shortest path from the source 5 to v. (Here, the shortest path is by weight, not 
the number of edges.) Suggest a simple change to the Bellman-Ford algorithm that 
allows it to terminate in m + 1 passes, even if m is not known in advance. 

24.1-4 

Modify the Bellman-Ford algorithm so that it sets v.d to — oo for all vertices v for 
which there is a negative-weight cycle on some path from the source to v. 
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^ 24.1-5 * 

, Let G = (V, E) be a weighted, directed graph with weight function w : E — > BL 
^\ Give an 0(VE) -time algorithm to find, for each vertex v e V , the value S*(v) = 
v^iin MeF {S(u, v)}. 

% * 

Suppose that a weighted, directed graph G = (K, E) has a negative-weight cycle. 
Give »nj2fficient algorithm to list the vertices of one such cycle. Prove that your 
algorithm's correct. 

% 

24.2 Single-source shorte^paths in directed acyclic graphs 

By relaxing the edge^of a weighted dag (directed acyclic graph) G = (V, E) 
according to a topological sort of its vertices, we can compute shortest paths from 
a single source in ©(V time. Shortest paths are always well defined in a dag, 
since even if there are nega^fe- weight edges, no negative- weight cycles can exist. 

The algorithm starts by topok)gicaily sorting the dag (see Section 22.4) to im- 
pose a linear ordering on the vertices. If the dag contains a path from vertex u to 
vertex v, then u precedes v in the^te^ological sort. We make just one pass over the 
vertices in the topologically sortedVrde*. As we process each vertex, we relax each 
edge that leaves the vertex. \q 

Dag-Shortest-Paths (G, w, s) 

1 topologically sort the vertices of G 

2 Initialize-Single-Source(G,s) 

3 for each vertex u, taken in topologically sorteo^rder 

4 for each vertex v € G.Adj[u] C 

5 Relax(k, v, w) • 

O 

Figure 24.5 shows the execution of this algorithm. Q 

The running time of this algorithm is easy to analyze. A^^jiown in Section 22.4, 
the topological sort of line 1 takes ©(V + E) time. The call of Initialize- 
SINGLE-SOURCE in line 2 takes ©(V) time. The for loop of lines 3-5 makes one 
iteration per vertex. Altogether, the for loop of lines 4-5 relaxes each edge exactly 
once. (We have used an aggregate analysis here.) Because each iteration of the 
inner for loop takes ©(I) time, the total running time is ©(V + E), which is linear 
in the size of an adjacency-list representation of the graph. 

The following theorem shows that the Dag-Shortest-Paths procedure cor- 
rectly computes the shortest paths. 
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\ 

Figure 24.5 The execution of the algorithm for sholflUgypafhs in a directed acyclic graph. The 
vertices are topologically sorted from left to right. The s^uh;e vertex is s. The d values appear 
within the vertices, and shaded edges indicate the n values, (al^e situation before the first iteration 
of the for loop of lines 3-5. (b)-(g) The situation after each iteration of the for loop of lines 3-5. 
The newly blackened vertex in each iteration was used as u in tlat iteration. The values shown in 
part (g) are the final values. 



O 



Theorem 24.5 

If a weighted, directed graph G = (V, E) has source vertex s and no cycles, then 
at the termination of the Dag-Shortest-Paths procedure, v.d = 8(s, v) for all 
vertices v e V, and the predecessor subgraph G n is a shortest-paths tree. 



Proof We first show that v.d = 8(s,v) for all vertices v e V at termina- 
tion. If v is not reachable from s, then v.d = 8(s.v) = oo by the no-path 
property. Now, suppose that v is reachable from s, so that there is a short- 
est path p = (v 0 , V\ Vk), where v 0 = s and v,t = v. Because we pro- 
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cess the vertices in topologically sorted order, we relax the edges on p in the 
order (v 0 , Vi), (vi, v 2 ), . . . , (v^-i, Vk). The path-relaxation property implies that 
\§\ V;. d — 8(s, Vi) at termination for ; = 0,1, ... ,k. Finally, by the predecessor- 
v-spbgraph property, G n is a shortest-paths tree. ■ 

A*f interesting application of this algorithm arises in determining critical paths 
in P&fRT chart 2 analysis. Edges represent jobs to be performed, and edge weights 
represent.the times required to perform particular jobs. If edge (u, v) enters ver- 
tex v arrange (v, x) leaves v, then job (u, v) must be performed before job (v, x). 
A path threugh this dag represents a sequence of jobs that must be performed in a 
particular oMer, A critical path is a longest path through the dag, corresponding 
to the longest tjme to perform any sequence of jobs. Thus, the weight of a critical 
path provides a louver bound on the total time to perform all the jobs. We can find 
a critical path by e(tner 

• negating the edgeHveights and running Dag-Shortest-Paths, or 

• running D AG- S HORTi&r- PATHS , with the modification that we replace "oo" 
by "-oo" in line 2 orLritriALlZE-SlNGLE-SouRCE and ">" by "<" in the 
Relax procedure. ^ 

Exercises 
24.2-1 

Run Dag-Shortest-Paths on the dWcted graph of Figure 24.5, using vertex r 
as the source. 

24.2-2 ^ 

Suppose we change line 3 of Dag-Shortest-PTWhs to read 

A 

3 for the first | V \ — 1 vertices, taken in topologically sorted order 

Show that the procedure would remain correct. 

24.2-3 «£k 
The PERT chart formulation given above is somewhat unnatural. In a more natu- 
ral structure, vertices would represent jobs and edges would represent sequencing 
constraints; that is, edge (u, v) would indicate that job u must be performed before 
job v. We would then assign weights to vertices, not edges. Modify the Dag- 
Shortest- Paths procedure so that it finds a longest path in a directed acyclic 
graph with weighted vertices in linear time. 



2 "PERT" is an acronym for "program evaluation and review technique." 
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^ 24.2-4 

, Give an efficient algorithm to count the total number of paths in a directed acyclic 
■^g-raph. Analyze your algorithm. 
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24.3 Dijkstra's algorithm 



Dijkstra'i^gqrithm solves the single-source shortest-paths problem on a weighted, 
directed graph G, = (V, E) for the case in which all edge weights are nonnegative. 
In this section^thgrefore, we assume that w(u, v ) > 0 for each edge (w, v) € E. As 
we shall see, with^a sood implementation, the running time of Dijkstra's algorithm 
is lower than that &i the Bellman-Ford algorithm. 

Dijkstra's algoritKpi maintains a set S of vertices whose final shortest-path 
weights from the source* .vhave already been determined. The algorithm repeat- 
edly selects the vertex u — S with the minimum shortest-path estimate, adds u 
to S, and relaxes all edgesC^aving u. In the following implementation, we use a 
min-priority queue Q of vertj£e>s, keyed by their d values. 

Dukstra(G, w,s) 

1 Initialize-Single-Sourcei^s) 

5=0 ' 

3 Q = G.V Q 

4 while ^ 
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5 U = EXTRACT-MlN(g) 

6 S = SU{u} ^ 

7 for each vertex v e G.Adj[u] 



8 Relax(k, v, w) 



Dijkstra's algorithm relaxes edges as shown in Figure 24.6. Line 1 initializes 
the d and jt values in the usual way, and line 2 initialixes the set S to the empty 
set. The algorithm maintains the invariant that Q = V at the start of each 
iteration of the while loop of lines 4-8. Line 3 initializes the<rpn-priority queue Q 
to contain all the vertices in V; since S = 0 at that time, the invariant is true after 
line 3. Each time through the while loop of lines 4-8, line 5 extracts a vertex u from 
Q = V — S and line 6 adds it to set S, thereby maintaining the invariant. (The first 
time through this loop, u = s.) Vertex u, therefore, has the smallest shortest-path 
estimate of any vertex in V — S. Then, lines 7-8 relax each edge (u, v) leaving u, 
thus updating the estimate v.d and the predecessor v.n if we can improve the 
shortest path to v found so far by going through u. Observe that the algorithm 
never inserts vertices into Q after line 3 and that each vertex is extracted from Q 
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(c) 




(f) 



Figure 24.6 The execution of ra's algorithm. The source s is the leftmost vertex. The 
shortest-path estimates appear withm the vertices, and shaded edges indicate predecessor values. 
Black vertices are in the set S, and white vertices are in the min-priority queue Q = V — S. (a) The 
situation just before the first iteration of f^_^hile loop of lines 4—8. The shaded vertex has the mini- 
mum d value and is chosen as vertex u in licp^. (b)-(f) The situation after each successive iteration 
of the while loop. The shaded vertex in each parNs chosen as vertex u in line 5 of the next iteration. 
The d values and predecessors shown in part (r)-Sy«Jhe final values. 




and added to S exactly once, so that the wlri^ttoop of lines 4-8 iterates exactly | V \ 
times. ^s. 

Because Dijkstra's algorithm always chooses-ft^r "lightest" or "closest" vertex 
in V — S to add to set S, we say that it uses a greedy strategy. Chapter 16 explains 
greedy strategies in detail, but you need not have rSadJhat chapter to understand 
Dijkstra's algorithm. Greedy strategies do not always yihd optimal results in gen- 
eral, but as the following theorem and its corollary showSDykstra's algorithm does 
indeed compute shortest paths. The key is to show that each^flme it adds a vertex u 
to set S, we have u.d = 8(s, u). 



Theorem 24.6 (Correctness of Dijkstra's algorithm) 

Dijkstra's algorithm, run on a weighted, directed graph G = (V, E) with non- 
negative weight function w and source s, terminates with u.d = 8(s,u) for all 
vertices u e V. 
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Figure 24. £^he proof of Theorem 24.6. Set S is nonempty just before vertex u is added to it. We 
decompose a shortest path p from source s to vertex u into s X — »■ y ~> u, where y is the first 
vertex on the path/that is not in 5 and .teS immediately precedes y. Vertices x and y are distinct, 
but we may have s^yc or v = u. Path p2 ma y or may not reenter set S. 

Proof We use the roliowing loop invariant: 

At the start of eacrKkesation of the while loop of lines 4-8, v.d = 8(s, v) 
for each vertex v € 5> > 

It suffices to show for each vertex m e F, we have w.d = w) at the time when u 
is added to set S. Once we shq(^)fhat u.d = 8(s,u), we rely on the upper-bound 
property to show that the equality jiolds at all times thereafter. 



Initialization: Initially, 5 = 0, anckso the invariant is trivially true. 
Maintenance: We wish to show that in pach iteration, u.d = 8(s, u) for the vertex 



added to set S. For the pmpose of contradiction, let u be the first vertex for 
which u.d ^ 8(s,u) when it is addebPto^et S. We shall focus our attention 
on the situation at the beginning of the ih^ation of the while loop in which u 
is added to S and derive the contradiction wkui = 8(s,u) at that time by 
examining a shortest path from s to u. We irWstJiave u ^ s because s is the 
first vertex added to set S and s.d — 8(s, s) = V at that time. Because u ^ s, 
we also have that S ^ 0 just before u is added»to S. There must be some 
path from s to u, for otherwise u.d = 8(s, u) = c£\y the no-path property, 
which would violate our assumption that u.d ^ Because there is at 

least one path, there is a shortest path p from s to u. P&far to adding u to S, 
path p connects a vertex in S, namely s, to a vertex in V — S, namely u. Let us 
consider the first vertex y along p such that y £ V — S, and let x € 5* be v's 
predecessor along /?. Thus, as Figure 24.7 illustrates, we can decompose path p 
into s x — > y ^-i u. (Either of paths p x or p 2 may have no edges.) 

We claim that y.d = 8(s, y) when u is added to S. To prove this claim, ob- 
serve that x e S. Then, because we chose u as the first vertex for which 
u.d 7^ 8(s, u) when it is added to S, we had x.d = x) when x was added 
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to S. Edge (x,y) was relaxed at that time, and the claim follows from the 
convergence property. 

We can now obtain a contradiction to prove that u.d = 8(s,u). Because y 
\~) appears before u on a shortest path from s to u and all edge weights are non- 
C^negative (notably those on path p 2 ), we have 8(s, y) < 8{s, u), and thus 

YA = 8(s,y) 

8(s,u) (24.2) 
^) u . d (by the upper-bound property) . 

But became both vertices u and y were in V — S when u was chosen in line 5, 
we have il($)< y.d. Thus, the two inequalities in (24.2) are in fact equalities, 
giving tft 

y.d = 8(s, y) =y8$P, u) = u.d . 

Consequently, u.d ^8(s, u), which contradicts our choice of u. We conclude 
that u.d = 8{s, u) wr/^i^is added to S, and that this equality is maintained at 
all times thereafter. \ 

Termination: At termination^? = 0 which, along with our earlier invariant that 
Q = V — S, implies that S — ^^Thus, u.d = 8(s, u) for all vertices u e V. m 

Corollary 24.7 V* 

If we run Dijkstra's algorithm on a wejfchted, directed graph G = (V, E) with 
nonnegative weight function w and sour©^, then at termination, the predecessor 
subgraph G n is a shortest-paths tree rootecjjt^. 

Proof Immediate from Theorem 24.6 and fhe(g]edecessor-subgraph property. ■ 
Analysis . 

How fast is Dijkstra's algorithm? It maintains the mm\riority queue Q by call- 
ing three priority-queue operations: Insert (implicit in^we 3), EXTRACT-MlN 
(line 5), and Decrease-Key (implicit in Relax, which Ipcalled in line 8). The 
algorithm calls both Insert and Extract-Min once per vertex. Because each 
vertex u e V is added to set S exactly once, each edge in the adjacency list A<i/'[w] 
is examined in the for loop of lines 7-8 exactly once during the course of the al- 
gorithm. Since the total number of edges in all the adjacency lists is \E\, this for 
loop iterates a total of \E\ times, and thus the algorithm calls Decrease-Key at 
most lis | times overall. (Observe once again that we are using aggregate analysis.) 

The running time of Dijkstra's algorithm depends on how we implement the 
min-priority queue. Consider first the case in which we maintain the min-priority 
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queue by taking advantage of the vertices being numbered 1 to \ V\. We simply 
store v. dm the vth entry of an array. Each INSERT and Decrease-Key operation 
■^feakes 0(1) time, and each EXTRACT-MlN operation takes O(V) time (since we 
fe^re to search through the entire array), for a total time of 0(V 2 + E) = 0(V 2 ). 

Kjhe graph is sufficiently sparse— in particular, E = o(V 2 /lg V)— we can 
improve the algorithm by implementing the min-priority queue with a binary min- 
heap. z^As discussed in Section 6.5, the implementation should make sure that 
vertices a*^d corresponding heap elements maintain handles to each other.) Each 
ExTRACT^JpiN operation then takes time 0(lg V). As before, there are \ V\ such 
operations. Tnatime to build the binary min-heap is 0(V). Each Decrease-Key 
operation takestime 0(lg V), and there are still at most \E\ such operations. The 
total running time istheref ore 0((V + E) lg V), which is 0(E lg V) if all vertices 
are reachable fronvtn& source. This running time improves upon the straightfor- 
ward 0(K 2 )-time incrementation if E = o(V 2 / IgV). 

We can in fact achieve a. running time of 0(V lg V + E) by implementing the 
min-priority queue with Fibonacci heap (see Chapter 19). The amortized cost 
of each of the \V\ Extra^P-Min operations is 0(lg V), and each Decrease- 
Key call, of which there are(at most \E\, takes only 0(1) amortized time. His- 
torically, the development of H^anacci heaps was motivated by the observation 
that Dijkstra's algorithm typically, makes many more Decrease-Key calls than 
Extract-Min calls, so that any n^Thod of reducing the amortized time of each 
Decrease-Key operation to o(lg K^&ithout increasing the amortized time of 
Extract-Min would yield an asympto^^lly faster implementation than with bi- 
nary heaps. r\ 

Dijkstra's algorithm resembles both brraqthrfirst search (see Section 22.2) and 
Prim's algorithm for computing minimum spanliing trees (see Section 23.2). It is 
like breadth-first search in that set S corresponds-to the set of black vertices in a 
breadth-first search; just as vertices in S have theVfeial shortest-path weights, so 
do black vertices in a breadth-first search have theircorrect breadth-first distances. 
Dijkstra's algorithm is like Prim's algorithm in that*boA algorithms use a min- 
priority queue to find the "lightest" vertex outside a giverkset (the set S in Dijkstra's 
algorithm and the tree being grown in Prim's algorithm) ,Qld this vertex into the 
set, and adjust the weights of the remaining vertices outside mil set accordingly. 



Exercises 
24.3-1 

Run Dijkstra's algorithm on the directed graph of Figure 24.2, first using vertex s 
as the source and then using vertex z as the source. In the style of Figure 24.6, 
show the d and n values and the vertices in set S after each iteration of the while 
loop. 
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24.3-2 

Give a simple example of a directed graph with negative-weight edges for which 
Dijkstra's algorithm produces incorrect answers. Why doesn't the proof of Theo- 
y^rem 24.6 go through when negative-weight edges are allowed? 

we change line 4 of Dijkstra's algorithm to the following. 
> 1 

This change causes the while loop to execute \ V\ — 1 times instead of | K | times. Is 
this proposed^^orithm correct? 

24.3-4 




Professor Gaedel l^as written a program that he claims implements Dijkstra's al- 
gorithm. The progr^rfi produces v.d and v.jt for each vertex v e V. Give an 
0(V + £)-time algoritr^n to check the output of the professor's program. It should 
determine whether the d (jirpd n attributes match those of some shortest-paths tree. 
You may assume that all ed^£ weights are nonnegative. 

24.3-5 K 

Professor Newman thinks that fieJ^s worked out a simpler proof of correctness 
for Dijkstra's algorithm. He claimVth>t Dijkstra's algorithm relaxes the edges of 
every shortest path in the graph in tns QKier in which they appear on the path, and 
therefore the path-relaxation property Wplies to every vertex reachable from the 
source. Show that the professor is mistaken by constructing a directed graph for 
which Dijkstra's algorithm could relax merges of a shortest path out of order. 




24.3-6 O 

We are given a directed graph G = (V, E) on whiSti each edge (u, v) e E has an 
associated value r(u, v), which is a real number in the range 0 < r(u, v) < 1 that 
represents the reliability of a communication channeHrom vertex u to vertex v. 
We interpret r(u,v) as the probability that the channel/from u to v will not fail, 
and we assume that these probabilities are independent. G^vfe an efficient algorithm 
to find the most reliable path between two given vertices. < 

24.3-7 

Let G = (V, E) be a weighted, directed graph with positive weight function 
w : E — > {1, 2, . . . , W} for some positive integer W, and assume that no two ver- 
tices have the same shortest-path weights from source vertex s. Now suppose that 
we define an unweighted, directed graph G' = (V U V, E') by replacing each 
edge (u,v) € E with w(u,v) unit- weight edges in series. How many vertices 
does G' have? Now suppose that we run a breadth-first search on G' . Show that 
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the order in which the breadth-first search of G' colors vertices in V black is the 
, same as the order in which Dijkstra's algorithm extracts the vertices of V from the 
•priority queue when it runs on G. 




(V, E) be a weighted, directed graph with nonnegative weight function 
w : &7?>v {0, 1, . . . , W} for some nonnegative integer W. Modify Dijkstra's algo- 
rithm to-compute the shortest paths from a given source vertex s in 0(WV + E) 
time. V s ) 
^? 

24.3-9 y>' 

Modify your algorithm from Exercise 24.3-8 to run in 0((V + E) lg W) time. 
(Hint: How many^tistinct shortest-path estimates can there be in V — S at any 
point in time?) ^\ 

24.3-10 

Suppose that we are given a>weighted, directed graph G = {V, E) in which edges 
that leave the source vertexrs«iay have negative weights, all other edge weights 
are nonnegative, and there aie no negative-weight cycles. Argue that Dijkstra's 
algorithm correctly finds shortesppafhs from s in this graph. 



24.4 Difference constraints and shortest pat6sQ 

Chapter 29 studies the general linear-progra^jiing problem, in which we wish to 
optimize a linear function subject to a set of hj^ap inequalities. In this section, we 
investigate a special case of linear programming that we reduce to finding shortest 
paths from a single source. We can then solve th^single-source shortest-paths 
problem that results by running the Bellman-Ford algorithm, thereby also solving 
the linear-programming problem. * ^->^ 

Linear programming 

In the general linear-programming problem, we are given an m x n matrix A, 
an m -vector b, and an n -vector c. We wish to find a vector x of n elements that 
maximizes the objective function 5Z"=i CjXi subject to the m constraints given by 
Ax < b. 

Although the simplex algorithm, which is the focus of Chapter 29, does not 
always run in time polynomial in the size of its input, there are other linear- 
programming algorithms that do run in polynomial time. We offer here two reasons 
to understand the setup of linear-programming problems. First, if we know that we 
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can cast a given problem as a polynomial-sized linear-programming problem, then 
we immediately have a polynomial-time algorithm to solve the problem. Second, 
taster algorithms exist for many special cases of linear programming. For exam- 
v-nle, the single-pair shortest-path problem (Exercise 24.4-4) and the maximum-flow 
jwdblem (Exercise 26.1-5) are special cases of linear programming. 

S<5metimes we don't really care about the objective function; we just wish to find 
any jeasible solution, that is, any vector x that satisfies Ax < b, or to determine 
that no feasible solution exists. We shall focus on one such feasibility problem. 

V 

Systems oi^cjjfference constraints 

In a system ofdjfiference constraints, each row of the linear-programming matrix A 
contains one 1 aWone — 1, and all other entries of A are 0. Thus, the constraints 
given by Ax < b (Jre a set of m difference constraints involving n unknowns, in 
which each constraints a simple linear inequality of the form 

Xj - Xt < b k , x ^ 

where 1 < i, j < n, i ^ j : ,(ar\d 1 < k < m. 

For example, consider the jfj^blem of finding a 5-vector x = (x, ) that satisfies 
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This problem is equivalent to finding values for the unknowns x 1? x 2 , x 3 , x 4 , x 5 , 
satisfying the following 8 difference constraints: 





-x 2 


< 


0. 


Xi 


-x 5 


< 


-1 , 


x 2 


-x 5 


< 


1 , 


x 3 


-Xi 


< 


5 . 


x 4 


-Xx 


< 


4, 


A" 4 


-x 3 


< 


-1 , 


•v 5 


-x 3 


< 


-3 , 


x 5 


— X4 


< 


-3 . 



(24.3) 
(24.4) 
(24.5) 
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One solution to this problem is x = (—5, —3, 0,-1, —4), which you can verify di- 
rectly by checking each inequality. In fact, this problem has more than one solution. 
^jSLnpther is x' = (0,2, 5,4, 1). These two solutions are related: each component 
tfrpc' is 5 larger than the corresponding component of x. This fact is not mere 
coji^idence. 

Lemri((k&4.8 

Let x — (&$\, x 2 , ■ ■ ■ , x n ) be a solution to a system Ax < b of difference con- 
straints, anqiet d be any constant. Then x + d = {x\ + d, x 2 + d, . . . , x n + d) 
is a solutionxto Ax < b as well. 

v\ 

Proof For eaclv^/ and xj, we have (xj + d) — (pd + d) = Xj — X\. Thus, if x 
satisfies Ax < b, &oqQes x + d. ■ 




Systems of differem^constraints occur in many different applications. For ex- 
ample, the unknowns x* jjrf&y be times at which events are to occur. Each constraint 
states that at least a certair^jnount of time, or at most a certain amount of time, 
must elapse between two e\%^$. Perhaps the events are jobs to be performed dur- 
ing the assembly of a product. Jf\we apply an adhesive that takes 2 hours to set at 
time Xi and we have to wait untir it sets to install a part at time x 2 , then we have the 
constraint that x 2 > X\ + 2 or, equjy&iently, that X\ — x 2 < —2. Alternatively, we 
might require that the part be installed after the adhesive has been applied but no 
later than the time that the adhesive has set halfway. In this case, we get the pah - of 
constraints x 2 > x Y and x 2 < x x + 1 or, equivalently, x x — x 2 < 0 and x 2 — X\ < 1. 

Constraint graphs 

We can inteipret systems of difference constrai@ from a graph-theoretic point 
of view. In a system Ax < b of difference corfsbraints, we view the m x n 
linear-programming matrix A as the transpose of an jncidence matrix (see Exer- 
cise 22.1-7) for a graph with n vertices and m edges. E^ph vertex v, in the graph, 
for i = 1,2, ... ,n, corresponds to one of the n unknow^ryariables x ; . Each di- 
rected edge in the graph corresponds to one of the m ineqt&ities involving two 
unknowns. * 

More formally, given a system Ax <bol difference constraints, the correspond- 
ing constraint graph is a weighted, directed graph G = (V, E), where 

V = {v 0 ,v 1 v„} 

and 

E = {(vi, Vj) : Xj — Xt < bk is a constraint} 

U {(v 0 , Vl), (v 0 , v 2 ), (v 0 , v 3 ), . . . , (v 0 , v n )} . 
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Figure 24.8 The constraint graph corresponding to the system (24.3)-(24.10) of difference con- 
straints. The value of Vj) appears in each vertex v,-. One feasible solution to the system is 
x = (-5,-3,0,-1,-4) A 

The constraint graph contain* the additional vertex v 0 , as we shall see shortly, to 
guarantee that the graph has s^jie vertex which can reach all other vertices. Thus, 
the vertex set V consists of a vertex v, for each unknown x,-, plus an additional 
vertex v 0 . The edge set E contains an edge for each difference constraint, plus 
an edge (v 0 , u ; ) for each unknown xJ>lf Xj — x,- < bk is a difference constraint, 
then the weight of edge (v, , v,) is w()in<i>j) = bk- The weight of each edge leav- 
ing v 0 is 0. Figure 24.8 shows the constraint graph for the system (24.3)-(24.10) 
of difference constraints. v ^c\ 

The following theorem shows that we can find a solution to a system of differ- 
ence constraints by finding shortest-path w^igms in the corresponding constraint 
graph. 

Theorem 24.9 • 

Given a system Ax < b of difference constraints, le^fc = (V, E) be the corre- 
sponding constraint graph. If G contains no negative-weight cycles, then 

x = (8(v 0 ,v 1 ),8(v 0 ,v 2 ),8(v 0> v 3 ),...,8(v 0> v n )) (24.11) 

is a feasible solution for the system. If G contains a negative-weight cycle, then 
there is no feasible solution for the system. 



Proof We first show that if the constraint graph contains no negative-weight 
cycles, then equation (24.11) gives a feasible solution. Consider any edge 
(vi,Vj) € E. By the triangle inequality, 8(v 0 ,Vj) < 8(v 0 ,Vj) + u>(v,-,V/) or, 
equivalently, 8(v 0 , Vj) — 8(v 0 , v,) < w(yi,Vj). Thus, letting x, = 8(v 0 ,Vj) and 
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Xj = <5(v 0 , Vj) satisfies the difference constraint Xj — x t < w{vi, v,) that corre- 
sponds to edge (v; , Vj). 
\§\ Now we show that if the constraint graph contains a negative-weight cycle, then 
■*hp system of difference constraints has no feasible solution. Without loss of gen- 
let the negative-weight cycle be c = (vi, v 2 , . . . , v^), where V\ = v^. 
jrtex v 0 cannot be on cycle c, because it has no entering edges.) Cycle c 
ryis to the following difference constraints: 

w(v 2 ,v 3 ) , 



We will assume that x has^solution satisfying each of these k inequalities and then 
derive a contradiction. Th^solution must also satisfy the inequality that results 
when we sum the k inequSli^s together. If we sum the left-hand sides, each 
unknown x, is added in once" and subtracted out once (remember that V\ = 
implies X\ = x^), so that the left-hand side of the sum is 0. The right-hand side 
sums to w(c), and thus we obtain 0 <^Av(c). But since c is a negative-weight cycle, 
w(c) < 0, and we obtain the contraakmjn that 0 < if (c) < 0. ■ 

Solving systems of difference constraints-^ 

Theorem 24.9 tells us that we can use the(jiellman-Ford algorithm to solve a 
system of difference constraints. Because ^^):onstraint graph contains edges 
from the source vertex v 0 to all other vertices, (fify negative-weight cycle in the 
constraint graph is reachable from v 0 . If the B^fmian-Ford algorithm returns 
TRUE, then the shortest-path weights give a feasible^ solution to the system. In 
Figure 24.8, for example, the shortest-path weights provide the feasible solution 
x = (-5,-3,0,-1,-4), and by Lemma 24.8, x = (d -frf - 3, d, d - 1, d - 4) 
is also a feasible solution for any constant d. If the Bellman^jrd algorithm returns 
FALSE, there is no feasible solution to the system of differenoe constraints. 

A system of difference constraints with m constraints on n unknowns produces 
a graph with n + 1 vertices and n + m edges. Thus, using the Bellman-Ford 
algorithm, we can solve the system in 0((n + l)(n + m)) = 0(n 2 + nm) time. 
Exercise 24.4-5 asks you to modify the algorithm to run in 0{nm) time, even if m 
is much less than n . 
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Exercises 
24.4-1 

■jfind a feas._ 

, <rna system of difference constraints: 

i-S > < -4, 

xi - x 3 V^ 2 , 
x 2 -x 5 ^>*7, 



.^ind a feasible solution or determine that no feasible solution exists for the follow- 
r^syst 

Xl^k2 

X 



Xl ~ x (, < 

Xi~X 6 < 1^ 

Xa — x 2 < 2 

x s -X! < -1 , 

X5 — X4 < 3 , v v 

x 6 -x 3 < -8 . 

24.4-2 v 

Find a feasible solution or determiHR that no feasible solution exists for the follow- 
ing system of difference constraints^^ 

X1-X2 < 4, O 
Xi-x 5 < 5 , \P* 
x 2 ~x 4 < -6 , 



X3 — X 2 
X4 — X\ 
X4 — Xj 

X4 — X5 
X5 — Xj 
X5 — X4 



< 


4. 


< 


5 , 


< 


-6, 


< 


1 , 


< 


3 , 


< 


5 . 


< 


10, 


< 


-4, 


< 


-8 . 



24.4-3 

Can any shortest-path weight from the new vertex v 0 in a constraint graph be posi- 
tive? Explain. 

24.4-4 

Express the single-pair shortest-path problem as a linear program. 
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24.4-5 

Show how to modify the Bellman-Ford algorithm slightly so that when we use it 
solve a system of difference constraints with m inequalities on n unknowns, the 
fdrming time is 0(nm). 

Supp«<kjhat in addition to a system of difference constraints, we want to handle 
equalitytanstraints of the form x, = Xj + bk- Show how to adapt the Bellman- 
Ford algosfmm to solve this variety of constraint system. 




24.4-7 y>' 

Show how to soJ^ a system of difference constraints by a Bellman-Ford-like algo- 
rithm that runs oma^onstraint graph without the extra vertex v 0 . 

24.4-8 ★ v v» 

Let Ax < b be a system ofcjn difference constraints in n unknowns. Show that the 
Bellman-Ford algorithmSwhen run on the corresponding constraint graph, maxi- 
mizes YTi=\ x i subject to Aur^b and x,- < 0 for all x*. 

24.4-9 * 0 

Show that the Bellman-Ford algorithm, when run on the constraint graph for a sys- 
tem Ax <boi difference constraintQjninimizes the quantity (max {x, }— min {x, }) 
subject to Ax < b. Explain how this>f^KlT might come in handy if the algorithm is 
used to schedule construction jobs. Q 

24.4-10 

Suppose that every row in the matrix A of a liwear program Ax < b corresponds to 
a difference constraint, a single-variable constrak^qf the form x, : < bk, or a single- 
variable constraint of the form — x, < bk- Show4mw to adapt the Bellman-Ford 
algorithm to solve this variety of constraint system.C 

24.4-11 * Q 

Give an efficient algorithm to solve a system Ax < b ^difference constraints 
when all of the elements of b are real-valued and all of thev^knowns x ; must be 
integers. 

24.4-12 * 

Give an efficient algorithm to solve a system Ax < b of difference constraints 
when all of the elements of b are real-valued and a specified subset of some, but 
not necessarily all, of the unknowns x, must be integers. 
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24.5 Proofs of shortest-paths properties 

^'JPhroughout this chapter, our correctness arguments have relied on the triangle 
tf^qu^lity, upper-bound property, no-path property, convergence property, path- 
relt^ttion property, and predecessor-subgraph property. We stated these properties 
withc(S^proof at the beginning of this chapter. In this section, we prove them. 

The triangjie inequality 

V' 

In studying Breadth-first search (Section 22.2), we proved as Lemma 22.1 a sim- 
ple property ofshortest distances in unweighted graphs. The triangle inequality 
generalizes the pwp^rty to weighted graphs. 

Lemma 24.10 (Triah^tejnequality) 

Let G = (V, E) be a weighted, directed graph with weight function w : E — > R 
and source vertex s. TheiOor all edges (u, v) e £,we have 

S(s, v) < 8(s, u) + w(u, v )^^ 



Proof Suppose that p is a short@ path from source s to vertex v. Then p has 
no more weight than any other pafh\|rom s to v. Specifically, path p has no more 
weight than the particular path that tal^S) a shortest path from source 5 to vertex u 
and then takes edge (u, v). (~\ 

Exercise 24.5-3 asks you to handle tne^c^ge in which there is no shortest path 
from s to v. m 

o x 

Effects of relaxation on shortest-path estimate*A 

The next group of lemmas describes how shortest-pdthestimates are affected when 
we execute a sequence of relaxation steps on the ecrg.es of a weighted, directed 
graph that has been initialized by iNlTlALlZE-SlNGLE-SmiRCE. 




Lemma 24.11 (Upper-bound property) 

Let G = (V, E) be a weighted, directed graph with weight function w : E — > R. 
Let s e V be the source vertex, and let the graph be initialized by Initialize- 
Single-S0URCE(G,s). Then, v.d > 8(s, v) for all v e V, and this invariant is 
maintained over any sequence of relaxation steps on the edges of G. Moreover, 
once v.d achieves its lower bound S(s, v), it never changes. 
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Proof We prove the invariant v.d > 8(s, v) for all vertices v e V by induction 
over the number of relaxation steps. 

For the basis, v.d > 8 (s, v) is certainly true after initialization, since v.d = oo 
■irnpries v.d > 8(s, v) for all v € V — {s}, and since s.d = 0 > 8(s, s) (note that 
<H<S$)) = — oo if s is on a negative- weight cycle and 0 otherwise). 

Fo/^jie inductive step, consider the relaxation of an edge (u, v). By the inductive 
hypothesis, x.d > S(s, x) for all x € V prior to the relaxation. The only d value 
that may ^sh^nge is v. d. If it changes, we have 

v.d = i/jp-\- w(u,v) 

> 8(sw) IH- w(u, v) (by the inductive hypothesis) 

> 8(s, (by the triangle inequality) , 

and so the invariant ^naintained. 

To see that the value^df v. d never changes once v.d = 8(s,v), note that having 
achieved its lower bound^^.t/ cannot decrease because we have just shown that 
v.d > 8(s, v), and it cannei increase because relaxation steps do not increase d 
values. \ 9 

Corollary 24.12 (No-path propkr^y) 

Suppose that in a weighted, directed* graph G = (V, E) with weight function 
w : E — > M, no path connects a ssurca vertex s € V to a given vertex v € V. 
Then, after the graph is initialized bYlNlTlALlZE-SlNGLE-S0URCE(G, s), we 
have v.d = 8(s,v) = oo, and this ecfulility is maintained as an invariant over 
any sequence of relaxation steps on the edj^of G. 

^> 

Proof By the upper-bound property, we alw-^ have oo = 8(s, v) < v.d, and 
thus v.d = oo = 8(s, v). O ■ 

C 

Lemma 24.13 

Let G = (V, E) be a weighted, directed graph with weight function w : E R, 
and let (u,v) € E. Then, immediately after relaxing edge (u, v) by executing 
Relax(u, v, w), we have v.d <u.d+ w(u, v). 



Proof If, just prior to relaxing edge (u, v), we have v.d > u.d + w(u, v), then 
v.d = u.d + w(u,v) afterward. If, instead, v.d < u.d + w(u,v) just before 
the relaxation, then neither u.d nor v.d changes, and so v.d < u.d + w(u, v) 
afterward. ■ 

Lemma 24.14 (Convergence property) 

Let G = (V, E) be a weighted, directed graph with weight function w : E — > R, 
let 5 e K be a source vertex, and let s ~> m — >• v be a shortest path in G for 
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some vertices u,v € V. Suppose that G is initialized by Initialize-Single- 
Source(G, and then a sequence of relaxation steps that includes the call 
^\ Relax (u, v, w ) is executed on the edges of G. If u.d = 8(s, u) at any time 
y^nrior to the call, then v.d = 8(s, v) at all times after the call. 

P^QtfjE By the upper-bound property, if u.d = 8(s,u) at some point prior to re- 
laxitfa-edge (w, v), then this equality holds thereafter. In particular, after relaxing 
edge \u^}, we have 

v.d < "<y)d + w(u, v) (by Lemma 24. 13) 
= 8^u) + w (w, v) 
= 8(s, (by Lemma 24. 1) . 

By the upper-bou$l& property, v.d > 8(s,v), from which we conclude that 
v.d = 8(s,v), and th^equality is maintained thereafter. ■ 

Lemma 24.15 (Path-rekixiition property) 

Let G = (V, E) be a weiglWi, directed graph with weight function w : E — »■ R, 
and let 5 e V be a source vertex. Consider any shortest path p = (v 0 , . . . , V;t) 
from 5 = v 0 to Vyfc. If G is initialized by Initialize-Single-S0URCE(G, s) and 
then a sequence of relaxation stef)so£curs that includes, in order, relaxing the edges 
(v 0 , Vi), (yi, v 2 ), . . . , (yk-i, Vk), trmink-d = 8(s, Vk) after these relaxations and 
at all times afterward. This propertyCholds no matter what other edge relaxations 
occur, including relaxations that are inQmixed with relaxations of the edges of p. 

Proof We show by induction that after fhe<f(fn)edge of path p is relaxed, we have 
v, .d = 8(s, Vj). For the basis, i = 0, and before(a)iy edges of p have been relaxed, 
we have from the initialization that v 0 .d = s.d =&= 8{s, s). By the upper4)ound 
property, the value of s.d never changes after initialization. 

For the inductive step, we assume that Vi-i.d = V;_i), and we examine 
what happens when we relax edge (v,-_i, v t ). By the convergence property, after 
relaxing this edge, we have v t .d = 8{s, v,), and this equity is maintained at all 
times thereafter. < m 



Relaxation and shortest-paths trees 

We now show that once a sequence of relaxations has caused the shortest-path es- 
timates to converge to shortest-path weights, the predecessor subgraph G n induced 
by the resulting n values is a shortest-paths tree for G. We start with the follow- 
ing lemma, which shows that the predecessor subgraph always forms a rooted tree 
whose root is the source. 
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Lemma 24.16 

Let G = (V, E) be a weighted, directed graph with weight function w : E —> R, 
•^Jtet s € V be a source vertex, and assume that G contains no negative-weight 
eyjjles that are reachable from s. Then, after the graph is initialized by Initialize - 
Sin£jle-Source(G, s), the predecessor subgraph G n forms a rooted tree with 
roof\^4ind any sequence of relaxation steps on edges of G maintains this property 
as an Yij^riant. 

Proof In^ally, the only vertex in G n is the source vertex, and the lemma is triv- 
ially true. Sonsider a predecessor subgraph G n that arises after a sequence of 
relaxation ste^s^We shall first prove that G n is acyclic. Suppose for the sake of 
contradiction thaf^pme relaxation step creates a cycle in the graph G„ . Let the cy- 
cle be c = (v 0 , ViV. yVjt), where v k = v 0 . Then, i> ; -.jr = for i = 1,2, ... ,k 
and, without loss of generality, we can assume that relaxing edge (v k _i , v k ) created 
the cycle in G n . \f 

We claim that all vertices on cycle c are reachable from the source s. Why? 
Each vertex on c has a non(^iL predecessor, and so each vertex on c was assigned 
a finite shortest-path estimat^^hen it was assigned its non-NlL n value. By the 
upper-bound property, each ve^x on cycle c has a finite shortest-path weight, 
which implies that it is reachable £rom s. 

We shall examine the shortesfc^jfh estimates on c just prior to the call 
Relax (v k _i, v k , w) and show that cis^a negative-weight cycle, thereby contra- 
dicting the assumption that G contains nerHegative-weight cycles that are reachable 
from the source. Just before the call, we mwev, .;r = v,-_i for i = 1, 2, . . . , k — 1. 
Thus, for i = 1, 2, . . . ,k — 1, the lastMmdate to Vj.d was by the assignment 
Vj.d = \>i-i. d +if(v,_ i, v,). If f/.x-t/changeo^since then, it decreased. Therefore, 
just before the call Relax (v k -i, v k ,w),vse fraveQ 

Vi.d > v i - l .d+ w(Vi~i, Vi) for all/ = 1,2, ..(*k- 1 . (24.12) 

Because v k .n is changed by the call, immediately beforehand we also have the 
strict inequality V 

CX 

v k .d > v k _ x .d + w(v k -i, v k ) . y^X 

Summing this strict inequality with the k — 1 inequalities (24.12), we obtain the 
sum of the shortest-path estimates around cycle c : 

k k 

^Vj.d > ^(v,_i.J+ wiyi-uVi)) 

i=\ i=l 

k k 

i=l i=l 
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Figur^^.9 Showing that a simple path in Gjr from source s to vertex v is unique. If there are two 
paths pi(4i$Y^> u ~> x — > Z ~> v) and pi (s ~> u ~> _y — >• z ~> v), where A' 7^ 3/, then z.jr = .v 
and z. 7r — lj<a contradiction. 

But \* 

* 

since each vertex in th^cycle c appears exactly once in each summation. This 
equality implies 

o>2^u>(v,_,,v,). (Jo 

'A 

Thus, the sum of weights around trV&cycle c is negative, which provides the desired 
contradiction. \ 

We have now proven that G K is a dieted, acyclic graph. To show that it forms 
a rooted tree with root s, it suffices (se^fexercise B.5-2) to prove that for each 
vertex v e V n , there is a unique simple pattj^rom s to v in G K . 

We first must show that a path from 5 for each vertex in V„. The ver- 

tices in V„ are those with non-NlL n values, p(u^ 5. The idea here is to prove by 
induction that a path exists from s to all vertice^fh V„. We leave the details as 
Exercise 24.5-6. 

To complete the proof of the lemma, we must now^show that for any vertex 
v € V„, the graph G n contains at most one simple path i^om s to v. Suppose other- 
wise. That is, suppose that, as Figure 24.9 illustrates, G n cpAtains two simple paths 
from s to some vertex v: p u which we decompose into u ~» x —> z ~> v, 
and j? 2 > which we decompose into s-^u^y—^-z^v, where x ^ y (though u 
could be s and z could be v). But then, z-tt = x and z.n = y, which implies 
the contradiction that x = y. We conclude that G K contains a unique simple path 
from s to v, and thus G n forms a rooted tree with root s. m 

We can now show that if, after we have performed a sequence of relaxation steps, 
all vertices have been assigned their true shortest-path weights, then the predeces- 
sor subgraph G n is a shortest-paths tree. 
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Lemma 24.17 (Predecessor-subgraph property) 

Let G = (V, E) be a weighted, directed graph with weight function w : E —> R, 
\§£ts € F be a source vertex, and assume that G contains no negative-weight cycles 
■ttrat are reachable from s. Let us call Initialize-Single-S0URCE(G, s) and then 
exestate any sequence of relaxation steps on edges of G that produces v.d = 8(s, v) 
for a^K» € V. Then, the predecessor subgraph G n is a shortest-paths tree rooted 
at s. *0 

Proof ust prove that the three properties of shortest-paths trees given on 

page 647 hoW for G M . To show the first property, we must show that V„ is the set 
of vertices reachable from s. By definition, a shortest-path weight 8{s, v) is finite 
if and only if v impeachable from s, and thus the vertices that are reachable from s 
are exactly those wjrnjinite d values. But a vertex v € V — {s} has been assigned 
a finite value for v.tKjf and only if v. n ^ NIL. Thus, the vertices in V n are exactly 
those reachable from 

The second property ftjflbws directly from Lemma 24.16. 

It remains, therefore, to ^rpsve the last property of shortest-paths trees: for each 
vertex v € V n , the unique sii^ipHe path s v in G n is a shortest path from s to v 
in G. Let p = {v 0 , . . . , VkY^&here v 0 = s and Vk = v. For i = 1,2, ... ,k, 
we have both v t .d = 8{s, v ( ) and. v t .d > Vi-\.d + u;(v,_i, v ; ), from which we 
conclude u ; ) < 8(s, v ( ) — ^g) v,_i). Summing the weights along path p 

yields 

o 

= 5(s, v,t) — 5(.s, v 0 ) (because the sym telescopes) 

= 5(s, Vyt) (because 5(5, VoXj^ 5(*, s) = 0) . 

Thus, w(p) < 5(5, Vyfc). Since 8(s, Vk) is a lower bound orrroe weight of any path 
from s to Vk, we conclude that w(p) = 8(s, Vk), and thus^p is a shortest path 
from s to v = v^. ■ 



Exercises 



24.5-1 

Give two shortest-paths trees for the directed graph of Figure 24.2 (on page 648) 
other than the two shown. 
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24.5-2 

Give an example of a weighted, directed graph G = (V, E) with weight function 
^\ w : E — >■ R and source vertex 5 such that G satisfies the following property: For 
v'ejvery edge (u, v) € E, there is a shortest-paths tree rooted at s that contains (u, v) 
an£J another shortest-paths tree rooted at s that does not contain (u, v). 




the proof of Lemma 24.10 to handle cases in which shortest-path 
•itf^oo or — oo. 

24.5-4 y>' 

Let G = (V*p be a weighted, directed graph with source vertex s, and let G 
be initialized by^$lTlALlZE-SlNGLE-S0URCE(G, s). Prove that if a sequence of 
relaxation steps se^\s.n to a non-NlL value, then G contains a negative-weight 
cycle. 

24.5-5 v > 

Let G = (F, E) be a weighW, directed graph with no negative-weight edges. Let 
s € V be the source vertexVand suppose that we allow v.n to be the predecessor 
of v on any shortest path to cOfrom source s if v € V — {s} is reachable from s, 
and NIL otherwise. Give an example of such a graph G and an assignment of n 
values that produces a cycle in G^QBy Lemma 24.16, such an assignment cannot 
be produced by a sequence of relaxa^on steps.) 

24.5-6 0 Cy 

Let G = (V, E) be a weighted, directea^r^ph with weight function w : E — > R 
and no negative-weight cycles. Let s e V betlfe source vertex, and let G be initial- 
ized by lNlTlALlZE-SlNGLE-S0URCE(G,5)^rove that for every vertex v e V„, 
there exists a path from s to v in G n and thatSnj^ property is maintained as an 
invariant over any sequence of relaxations. ^ 

24.5-7 O 

Let G = (V, E) be a weighted, directed graph that co@uns no negative-weight 
cycles. Let s e V be the source vertex, and let G be inttj^jjized by Initialize- 
SlNGLE-S0URCE(G, s). Prove that there exists a sequence of \ V\ — 1 relaxation 
steps that produces v.d = 8(s, v) for all v 6 V . 

24.5-8 

Let G be an arbitrary weighted, directed graph with a negative-weight cycle reach- 
able from the source vertex s. Show how to construct an infinite sequence of relax- 
ations of the edges of G such that every relaxation causes a shortest-path estimate 
to change. 
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Problems. 

z4)l Yen's improvement to Bellman-Ford 

SufJpbse that we order the edge relaxations in each pass of the Bellman-Ford al- 
gorithm as follows. Before the first pass, we assign an arbitrary linear order 
Vi, v 2 , (S^, V\y\ to the vertices of the input graph G = (V, E). Then, we parti- 
tion the ^t^e set E into Ef U Eb, where E/ = {(v,-,V/) e E : i < j} and 
Eb = {(^j**^ € E : i > j}. (Assume that G contains no self-loops, so that every 
edge is in eifqe>£/ or Eb.) Define G/ = (V, Ef) and Gb = (V, Eb). 

a. Prove that (j^ii acyclic with topological sort (vj, v 2 , . . . , V\y\) and that Gb is 



acyclic with topological sort (v\y\, Viyi-i> ■ ■ ■ - v i)- 



Suppose that we impl^hent each pass of the Bellman-Ford algorithm in the fol- 
lowing way. We visit eac^ertex in the order Vi, v 2 , . . . , v\v\, relaxing edges of Ef 
that leave the vertex. We<tfi$n visit each vertex in the order V|y|,V|y|_i,...,i»i, 
relaxing edges of Eb that leay^he vertex. 

b. Prove that with this schemi>^f G contains no negative-weight cycles that are 
reachable from the source veftexA, then after only \\V\ /2] passes over the 
edges, v.d = 8(s, v) for all vertiee^v>e V. 

c. Does this scheme improve the asyn@btic running time of the Bellman-Ford 
algorithm? 

24-2 Nesting boxes \?\J 

A d -dimensional box with dimensions (xi,x 2 , -Q&/) nests within another box 
with dimensions (y lt y 2 , . . . , yd) if there exists a j{ermutation it on {\,2, ... ,d} 
such that x^ (1) < y u x jr(2 ) < y 2 , . . ., x n(d) <y d . . 

o 

a. Argue that the nesting relation is transitive. q 



b. Describe an efficient method to determine whether or nqrone d -dimensional 
box nests inside another. 

c. Suppose that you are given a set of n d -dimensional boxes {Bj, B 2 B n }. 

Give an efficient algorithm to find the longest sequence {B il7 B i2 , . . . , B ik ) of 
boxes such that B,. nests within B ij+l for j = 1,2,... ,k — 1. Express the 
running time of your algorithm in terms of n and d. 
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24-3 Arbitrage 

Arbitrage is the use of discrepancies in currency exchange rates to transform one 
^\ unit of a currency into more than one unit of the same currency. For example, 
V'spppose that 1 U.S. dollar buys 49 Indian rupees, 1 Indian rupee buys 2 Japanese 
](eh, and 1 Japanese yen buys 0.0107 U.S. dollars. Then, by converting currencies, 
atr^r can start with 1 U.S. dollar and buy 49x2x0.0107 = 1.0486 U.S. dollars, 
thus^Wning a profit of 4.86 percent. 

Suppose that we are given n currencies ci, c 2 , ■ ■ ■ , c„ and an n x n table R of 
exchange ^r-ajes, such that one unit of currency c, buys R[i,j] units of currency cj. 

a. Give an "efficient algorithm to determine whether or not there exists a sequence 
of currenci^) (c tl , c, 2 , . . . , c ik ) such that 

R[h,i 2 ] ■ R[i 2 J ,^---R[i k -iJk] ■ R[ik,h] > 1 ■ 
Analyze the runntfi^^me of your algorithm. 

b. Give an efficient algo(^hm to print out such a sequence if one exists. Analyze 
the running time of you^algorithm. 

24-4 Gabow's scaling algorithm for single-source shortest paths 
A scaling algorithm solves a pr<3@km by initially considering only the highest- 
order bit of each relevant input valu^such as an edge weight). It then refines the 
initial solution by looking at the two highest-order bits. It progressively looks at 
more and more high-order bits, refining (fRfc solution each time, until it has exam- 
ined all bits and computed the correct solu^j. 

In this problem, we examine an algorithmic^ computing the shortest paths from 
a single source by scaling edge weights. We are/given a directed graph G = (V, E) 
with nonnegative integer edge weights w. LeCW\— max (u,v)e£ {w(u, v)}. Our 
goal is to develop an algorithm that runs in 0(E ig W) time. We assume that all 
vertices are reachable from the source. * ^ 

The algorithm uncovers the bits in the binary representation of the edge weights 
one at a time, from the most significant bit to the least sWjficant bit. Specifically, 
let k = \\g{W + l)] be the number of bits in the binar^prepresentation of W, 
and for = 1, 2, k, let Wi(u, v) = I w(u, v)/2 k ~' J. That is, w, (u, v) is the 
"scaled-down" version of w(u, v) given by the i most significant bits of w (u, v). 
(Thus, Wk(u,v) = w(u,v) for all (u,v) 6 E.) For example, if k = 5 and 
w(u,v) = 25, which has the binary representation (11001), then w^(u, v) = 
(110) = 6. As another example with k = 5, if w(u, v) = (00100) = 4, then 
w 3 (u,v) = (001) = 1. Let us define <5 ; (m,v) as the shortest-path weight from 
vertex u to vertex v using weight function w t . Thus, 8k(u, v) = 8(u, v) for all 
u, v 6 V . For a given source vertex s, the scaling algorithm first computes the 
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shortest-path weights Si(s, v) for all v e V, then computes 8 2 (s, v) for all v e V, 
and so on, until it computes 8k(s, v) for all v e V. We assume throughout that 
— 1^1 — 1' anc ^ we sna ^ see tnat computing 5, from takes time, so 

■that the entire algorithm takes 0(kE) = 0(E lg W) time. 

a. S^jjgtoose that for all vertices v e V, we have 5(5, v) < |2?|. Show that we can 
compute 8(s, v) for all v € V in 0(E) time. 

Show(thkt we can compute 8i(s, v) for all v £ K in 0(E) time. 

Let us now fqcjKon computing Si from 8i-\. 

c. Prove that fo^ L — 2,3,..., k, we have either Wj(u,v) = 2if,__ 1 (w, v) or 
Wi(u, v) — 2u)fi^/, v) + 1. Then, prove that 

2&i-i(s,v) < 8 i (s,y$'<28 i - 1 (s,v) + \V\-\ 

for all v 6 V. (\ 

6 

d. Define for i = 2,3, ... , k apdall (u, v) e E, 



Wi(u, v) = Wi(u, v) + 2S/_i(f, up— 2(5 ; _i (j, v) . 

Prove that for i = 2, 3, . . . , k and a^fw, v e V, the "reweighted" value w ; (w, v) 
of edge (u, v) is a nonnegative integfi© 

e. Now, define 5, (s, v) as the shortest-pafh^feight from s to v using the weight 
function w, ■. Prove that for i = 2,3,..., ^afld all v 6 V, 



8i (s, v) = % (s, v) + 28,-, (s, v) ^ 
and that 8i(s, v) < \E\. * ^ 

/. Show how to compute 8 t (s,v) from (s, v) for all in C^is) time, and 

conclude that we can compute 8 (s, v) for all v e V in 0%E>\g W) time. 

24-5 Karp's minimum mean-weight cycle algorithm 

Let G = (V, E) be a directed graph with weight function w : E — >• R, and let 
n = \V\. We define the mean weight of a cycle c = (ei, e 2 > ■ ■ ■ > e*) of edges in £ 
to be 

1 * 
; = i 
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Let fx* = min c /x(c), where c ranges over all directed cycles in G. We call a cycle c 
for which /x(c) = /x* a minimum mean-weight cycle. This problem investigates 
an efficient algorithm for computing fi*. 
•Sj Assume without loss of generality that every vertex v € V is reachable from a 
sWjrce vertex s e V. Let 8(s, v) be the weight of a shortest path from s to v, and let 
be the weight of a shortest path from s to v consisting of exactly k edges. 
If thesis no path from s to v with exactly k edges, then 8k(s, v) = oo. 

a. Sho^hat if fi* = 0, then G contains no negative-weight cycles and 8(s, v) = 
min 0 < > ^Q} ! _i 8k(s, v) for all vertices v € V. 

b. Show that><rf*)x* = 0, then 

max ^V- > 0 

a<k<n-\ h-—k* 

X x 

for all vertices v e ¥>(Hint: Use both properties from pail (a).) 

c. Let c be a 0-weight c^ci^ and let w and v be any two vertices on c. Suppose 
that /x* = 0 and that theNueight of the simple path from u to v along the cycle 
is x. Prove that 8(s, v) =^o(s, u) + x. {Hint: The weight of the simple path 
from v to u along the cycle i? -pd-) 



d. Show that if /x* = 0, then on ea^^h^minimum mean-weight cycle there exists a 
vertex v such that O 

8 n (s,v) - 8 k {s,v) \P\. 

max = 0 . t\> 

o<k<n-\ n — k >K^) 



(Hint: Show how to extend a shortest path <£/ny vertex on a minimum mean- 
weight cycle along the cycle to make a shortq5>lSpafh to the next vertex on the 
cycle.) % 

e. Show that if /x* = 0, then 

8 n (s, v) -40, v) vj> 
mm max = 0 . < 

vev o<k<n-i n — k 

f. Show that if we add a constant t to the weight of each edge of G, then /x* 
increases by t. Use this fact to show that 



ji = mm max 



8„{s,v)-8 k {s,v) 



vsv o<k<n-i n — k 



g. Give an 0(VE)-time algorithm to compute /x*. 
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24-6 Bitonic shortest paths 
. A sequence is bitonic if it monotonically increases and then monotonically de- 
•^reases, or if by a circular shift it monotonically increases and then monotonically 
■diseases. For example the sequences (1, 4, 6, 8, 3, —2), (9, 2, —4,-10, —5), and 
(1^2)3^4) are bitonic, but (1, 3, 12, 4, 2, 10) is not bitonic. (See Problem 15-3 for 
the tannic euclidean traveling-salesman problem.) 

Sujfocse that we are given a directed graph G = (V, E) with weight function 
w : E ^v$v where all edge weights are unique, and we wish to find single-source 
shortest patfis.from a source vertex s. We are given one additional piece of infor- 
mation: for 'each- vertex v € V, the weights of the edges along any shortest path 
from s to v foprn^a bitonic sequence. 

Give the most-<efficient algorithm you can to solve this problem, and analyze its 



running time. 



Chapter notes 



Dijkstra's algorithm [88] appeared in 1959, but it contained no mention of a priority 
queue. The Bellman-Ford algorithm is based on separate algorithms by Bellman 
[38] and Ford [109]. Bellman desfcrib_£s the relation of shortest paths to difference 
constraints. Lawler [224] describesnhe hnear-time algorithm for shortest paths in 
a dag, which he considers part of the fsJMore. 

When edge weights are relatively smalDnonnegative integers, we have more ef- 
ficient algorithms to solve the single-sour^^hortest-paths problem. The sequence 
of values returned by the EXTRACT-MlN c%$k in Dijkstra's algorithm monoton- 
ically increases over time. As discussed in^e) chapter notes for Chapter 6, in 
this case several data structures can implement 1@ various priority-queue opera- 
tions more efficiently than a binary heap or a Fibo^toci heap. Ahuja, Mehlhorn, 
Orlin, and Tarjan [8] give an algorithm that runs in % 0(E + V W) time on 
graphs with nonnegative edge weights, where W is the ^gest weight of any edge 
in the graph. The best bounds are by Thorup [337], who^gjves an algorithm that 
runs in 0(E lglg V) time, and by Raman [291], who giveSyah algorithm that runs 
in O (E + V min {(lg K) 1/3+e , (lg W) 1/4+e }) time. These tWo algorithms use an 
amount of space that depends on the word size of the underlying machine. Al- 
though the amount of space used can be unbounded in the size of the input, it can 
be reduced to be linear in the size of the input using randomized hashing. 

For undirected graphs with integer weights, Thorup [336] gives an 0(V + E)- 
time algorithm for single-source shortest paths. In contrast to the algorithms men- 
tioned in the previous paragraph, this algorithm is not an implementation of Dijk- 
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stra's algorithm, since the sequence of values returned by Extract-Min calls 
does not monotonically increase over time. 

For graphs with negative edge weights, an algorithm due to Gabow and Tar- 
v^in [122] runs in 0(VVE\g(VW)) time, and one by Goldberg [137] runs in 
Qh/V E lg W) time, where W = maX( U;V ) e£ {\w(u, v)\}. 

(Sferkassky, Goldberg, and Radzik [64] conducted extensive experiments com- 
parfn^arious shortest-path algorithms. 

'V 



25 • All-Pairs Shortest Paths 

In this chapter, we consider the problem of finding shortest paths between all pairs 
of vertices in a graph^This problem might arise in making a table of distances be- 
tween all pairs of cities for a road atlas. As in Chapter 24, we are given a weighted, 
directed graph G = (V,E$ with a weight function w : E —> M that maps edges 
to real-valued weights. We>wish to find, for every pair of vertices u, v € V , a 
shortest (least-weight) pathSfram u to v, where the weight of a path is the sum of 
the weights of its constituent vdges. We typically want the output in tabular form: 
the entry in u 's row and v 's colttfHn should be the weight of a shortest path from u 
to v. 



We can solve an all-pairs shortest/paths problem by running a single-source 
shortest-paths algorithm \V\ times, ^rice for each vertex as the source. If all 
edge weights are nonnegative, we ca(T)use Dijkstra's algorithm. If we use 
the linear-array implementation of the rrfnjkpriority queue, the running time is 
0(V 3 + VE) = 0(V 3 ). The binary min-ne^implementation of the min-priority 
queue yields a running time of 0( VE lg V), ^J^h is an improvement if the graph 
is sparse. Alternatively, we can implement the mirPpriority queue with a Fibonacci 
heap, yielding a running time of 0(V 2 lg V + VE)s\ 

If the graph has negative-weight edges, we cannot use Dijkstra's algorithm. In- 
stead, we must run the slower Bellman-Ford algorithm onee from each vertex. The 
resulting running time is 0(V 2 E), which on a dense graph-is 0(V 4 ). In this chap- 
ter we shall see how to do better. We also investigate theS^tetion of the all-pairs 
shortest-paths problem to matrix multiplication and study its^algebraic structure. 

Unlike the single-source algorithms, which assume an adjacency-list represen- 
tation of the graph, most of the algorithms in this chapter use an adjacency- 
matrix representation. (Johnson's algorithm for sparse graphs, in Section 25.3, 
uses adjacency lists.) For convenience, we assume that the vertices are numbered 
1, 2, . . . , \ V\, so that the input is an n x n matrix W representing the edge weights 
of an n -vertex directed graph G = (V, E). That is, W = (w ;/ ), where 
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4 



o 

the weight of directed edge 



if i = j , 

if i =fi j and S E 
if j ^ j and (/,;') ^ E 



(25.1) 



allow negative-weight edges, but we assume for the time being that the input 
grapl} contains no negative-weight cycles. 

Tn^Ttabular output of the all-pairs shortest-paths algorithms presented in this 
chapter/TOv an n x n matrix D = (dy), where entry dy contains the weight of a 
shortest p^A from vertex i to vertex j . That is, if we let S(i , j ) denote the shortest- 
path weiglu lyom vertex i to vertex j (as in Chapter 24), then djj — 8(i,j) at 



le^lUr 



termination. 

To solve the^Ucpairs shortest-paths problem on an input adjacency matrix, we 
need to compute^no^only the shortest-path weights but also a predecessor matrix 
n = (jry), where- Ttx.is NIL if either i = j or there is no path from i to j , 
and otherwise 7iy isMhevpredecessor of j on some shortest path from i. Just as 
the predecessor subgraph G^ from Chapter 24 is a shortest-paths tree for a given 
source vertex, the subgragft induced by the zth row of the IT matrix should be a 
shortest-paths tree with roo^r. For each vertex i e V, we define the predecessor 
subgraph of G for i as G^j QlV„j, E„j) , where 

V n ,t = {j e V : Try ^ nil} u 

and 

E*J. = {(XijJ) ■ j £ Kr,i - {*'}} • 

If G^, is a shortest-paths tree, then the fol 
version of the Print-Path procedure froms 
vertex i to vertex j . 



Print- All-Pairs-Shortest-Path (IT, i, j) 



£ing procedure, which is a modified 
?ter 22, prints a shortest path from 



1 

2 
3 
4 
5 
6 



if; 



== ; 

print i 



elseif Tttj == nil 



print "no path from" i "to" j "exists" 
else Print- All-Pairs -Shortest- Path (n, i 
print j 



.Ttij) 



In order to highlight the essential features of the all-pairs algorithms in this chapter, 
we won't cover the creation and properties of predecessor matrices as extensively 
as we dealt with predecessor subgraphs in Chapter 24. Some of the exercises cover 
the basics. 



686 Chapter 25 All-Pairs Shortest Paths 

Chapter outline 

* ^Section 25.1 presents a dynamic -programming algorithm based on matrix multi- 
^nlifcation to solve the all-pairs shortest-paths problem. Using the technique of "re- 
peated squaring," we can achieve a running time of &(V 3 lg V). Section 25.2 gives 
anome/ dynamic -programming algorithm, the Floyd-Warshall algorithm, which 
runs iHlirne 0(F 3 ). Section 25.2 also covers the problem of finding the tran- 
sitive closure of a directed graph, which is related to the all-pairs shortest-paths 
problem, (finally, Section 25.3 presents Johnson's algorithm, which solves the all- 
pairs shorte^ppaths problem in 0(V 2 lg V + VE) time and is a good choice for 
large, sparse gpphs. 

Before proce^ihg, we need to establish some conventions for adjacency-matrix 
representations. F^t, we shall generally assume that the input graph G = (V, E) 
has n vertices, so th^fNt = \V\. Second, we shall use the convention of denoting 
matrices by uppercase^Mers, such as W , L, or D, and their individual elements 
by subscripted lowercase^&tters, such as Wy , ly , or dy . Some matrices will have 
parenthesized superscripts^^ in L (m) = (/,^ m) ) or D (n{) = (dfj^, to indicate 
iterates. Finally, for a given n^n matrix A, we shall assume that the value of n is 
stored in the attribute A . rows. ^ 

±6 

25.1 Shortest paths and matrix multiplication^ 

o 

This section presents a dynamic -programn@g algorithm for the all-pairs shortest- 
paths problem on a directed graph G = {v,^M^. Each major loop of the dynamic 
program will invoke an operation that is verj^sftjiilar to matrix multiplication, so 
that the algorithm will look like repeated matrix ^multiplication. We shall start by 
developing a 0(K 4 )-time algorithm for the all -pai^ shortest-paths problem and 
then improve its running time to &(V 3 lg V). 

Before proceeding, let us briefly recap the steps given-jn Chapter 15 for devel- 
oping a dynamic-programming algorithm. ^> q 

1 . Characterize the structure of an optimal solution. V ^J> 

2. Recursively define the value of an optimal solution. 

3. Compute the value of an optimal solution in a bottom-up fashion. 



We reserve the fourth step— constructing an optimal solution from computed in- 
formation—for the exercises. 
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The structure of a shortest path 

r\ We start by characterizing the structure of an optimal solution. For the all-pairs 
V^«hortest-paths problem on a graph G = (V, E), we have proven (Lemma 24.1) 
vfhat all subpaths of a shortest path are shortest paths. Suppose that we represent 
thejrfaph by an adjacency matrix W = (loy). Consider a shortest path p from 
vert^i to vertex j , and suppose that p contains at most m edges. Assuming that 
there no negative-weight cycles, m is finite. If i = j , then p has weight 0 
and no^Hges. If vertices i and j are distinct, then we decompose path p into 

i k — >\y ,vwhere path p' now contains at most m — 1 edges. By Lemma 24.1, 
st pa 

v. 



p' is a shorfS^t oath from i to k, and so S(i, j) = 8(i,k) + my. 



A recursive solutt^ to the all-pairs shortest-paths problem 

Now, let /y be the\^iinimum weight of any path from vertex i to vertex j that 
contains at most m edg^sN When m = 0, there is a shortest path from i to j with 
no edges if and only if i £j . Thus, 

;(o)_!° Si=j, ^ 
oo if i / ./ . ^ V 

For m > 1, we compute /y as the minimum of x) (the weight of a shortest 
path from i to j consisting of at mosiMT^- 1 edges) and the minimum weight of any 
path from i to j consisting of at most Wedges, obtained by looking at all possible 
predecessors k of j . Thus, we recursivej^o^fine 

llf = minf/J^ min {/^ + w kJ $) 

\ \<K<n f 

= ™ n {lik'^+Vkj} ■ ( 25 - 2 ) 

l<k<n V 

The latter equality follows since Wjj = 0 for all j . f\ 

What are the actual shortest-path weights 8(i, jyf\lf the graph contains 
no negative-weight cycles, then for every pair of verrjpdg i and j for which 
S(i, j) < oo, there is a shortest path from i to j that is simple and thus contains at 
most n — 1 edges. A path from vertex i to vertex j with more than n — 1 edges 
cannot have lower weight than a shortest path from i to / . The actual shortest-path 
weights are therefore given by 



(25.3) 
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Computing the shortest-path weights bottom up 



aking as our input the matrix W = (wtj), we now compute a series of matrices 

) ,L (2) ,...,L ( "- 1) , where for m = 1, 2 n- 1, we have L (m) = (/J m) ). 

nal matrix L ( " _1) contains the actual shortest-path weights. Observe that 
lifv*y}ij for all vertices i, 7 e V, and so L (1) = W . 

ThS'Jraart of the algorithm is the following procedure, which, given matrices 
L (m_1) andsVF, returns the matrix L (m) . That is, it extends the shortest paths com- 



puted so far^ay one more edge. 

Extend -SH&miST- Paths (L, W) 

1 n = L.rows* ~. 

2 let L' = (I'ij) be a^iew n x n matrix 

3 for 1 : = 1 to n ^ y 

4 for j = 1 to )C v 

5 = 00 C . 

6 for k = 1 to 

7 /!} = min(/^,/it + w kj ) 

8 return L' QO 

The procedure computes a matrix Q'u)' which it returns at the end. It does so 
by computing equation (25.2) for all f^and j , using L for L (m_1) and L' for L (m) . 
(It is written without the superscripts to@ake its input and output matrices inde- 
pendent of m.) Its running time is 0(« 3 ) d^4o the three nested for loops. 

Now we can see the relation to matrix multiplication. Suppose we wish to com- 
pute the matrix product C = A ■ B of two y(§^n matrices A and B. Then, for 
i,j = 1, 2, ...,«, we compute r\ 

C 

c u = 22,a ik -bkj . . (25.4) 

k=l 

Observe that if we make the substitutions 



l {m ~ l) -> a, 

w — > b , 

/ (m) -> c , 

min — >• + 

+ -> ■ 



in equation (25.2), we obtain equation (25.4). Thus, if we make these changes to 
Extend-Shortest-Paths and also replace 00 (the identity for min) by 0 (the 
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identity for +), we obtain the same 0(« 3 )-time procedure for multiplying square 
matrices that we saw in Section 4.2: 

^quare-Matrix-Multiply^, B) 

\£)n = A. rows 

2 v-ra: C be a new n x n matrix 

3 For* = 1 to n 

4 ffor j = 1 to n 



5 vy y = 0 

6 f^fpr it = 1 to n 
8 return C * _ 

Returning to the a^Ppairs shortest-paths problem, we compute the shortest-path 
weights by extendin^hortest paths edge by edge. Letting A ■ B denote the ma- 
trix "product" returned^ Extend-Shortest-Paths {A, B), we compute the se- 
quence of n — 1 matrices^ 
L (i) = L (s». w ^W, 

L (2) = L (l) . ^ = (^2 
L (3) = L (2).^ = ^3 

L («-d _ L («-2) . w _ ^/»-K;^ 

As we argued above, the matrix L (n_1) contains the shortest-path weights. 

The following procedure computes this sequence in &(n 4 ) time. 

Slow- All-Pairs-Shortest-Paths (W) q 

1 « = W.wws 

2 L« = W 

3 for m = 2 to n — 1 s~\ 

4 let L (m) be a new « x n matrix 

5 L (m) = Extend-Shortest- Paths (L^ m ~ 1 \ 

6 return Z> _1) 

Figure 25.1 shows a graph and the matrices L (m) computed by the procedure 
Slow- All-Pairs-Shortest- Paths. 

Improving the running time 

Our goal, however, is not to compute all the L (m) matrices: we are interested 
only in matrix L (n_1) . Recall that in the absence of negative-weight cycles, equa- 
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Figure 25.1 A directed graph and the sequerice^f matrices computed by Slow-All-Pairs- 

SHORTEST- PATHS. You might want to verifyNhat z/ 5 \ defined as L^ 4 ' • W, equals L^ 4 \ and thus 
L (m) = L (4) forallm > 4 Q 

tion (25.3) implies L (m) = L ( " ^ for all wegers m > n — 1. Just as tradi- 
tional matrix multiplication is associative, soc^sJnatrix multiplication denned by 
the Extend-Shortest-Paths procedure (see©ercise 25.1-4). Therefore, we 
can compute L ( " _1) with only [lg(« — 1)] matrix f£&ducts by computing the se- 
quence % 



L (4) 
L (8) 



W 2 
W 4 



w -w , 

^2 . T4V2 

W 4 -W A 



^(2rig(n-Dl) 



IV 



2 rig(«-Di 



„ 72 rig(«-i)~i-i TI . 2 rig(«-i)i-i 



Since 2^ n ~^ >n-l, the final product L (2r ' g< " is equal to L {n ~ l \ 

The following procedure computes the above sequence of matrices by using this 
technique of repeated squaring. 
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Figure 2^) A weighted, directed graph for use in Exercises 25. 1-1, 25.2-1, and 25.3-1. 

Faster-Ais^-Pairs-Shortest- Paths (W) 

n = W.rtfy^ 
L (i) = W \$ 

m = 1 O 
while m < n — 

let L (2m) be a j(ew n x n matrix 

L (2m) _ EXTEN^jSHORTEST-PATHS(L (m) ,L (m) ) 
m = 2m 
8 return L (m) (^) 

In each iteration of the while loc^af lines 4-7, we compute L (2m) = (L (m) ) 2 , 
stalling with m = 1. At the wxl of each iteration, we double the value 
of m. The final iteration computes ^V r ") 1) by actually computing L (2m) for some 
n - 1 < 2m < In - 2. By equation (25T^L (2m) = L ( " _1) . The next time the test 
in line 4 is performed, m has been doumel^o now m > n — 1, the test fails, and 
the procedure returns the last matrix it computed. 

Because each of the |"lg(« — 1)] matrix products takes 0(n 3 ) time, Faster- 
All-Pairs-Shortest-Paths runs in 0(« 3 lg^Xtime. Observe that the code 
is tight, containing no elaborate data structures,^and the constant hidden in the 
©-notation is therefore small. * 



Exercises 



O 



25.1-1 

Run Slow-All-Pairs-Shortest-Paths on the weighted, directed graph of 
Figure 25.2, showing the matrices that result for each iteration of the loop. Then 
do the same for Faster-All-Pairs-Shortest-Paths. 



25.1-2 

Why do we require that Wa 



0 for all !</<«? 
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25.1-3 

What does the matrix 

% 



/» 



oc 
oc 



oo 
0 

oc 



oo 
oc 
0 



used in the 
tion? 



; She 



oo oo 



hortest-paths algorithms correspond to in regular matrix multiplica- 
<> 

25.1-4 \fr 

Show that matrix multiplication defined by Extend-Shortest-Paths is asso- 
ciative. 

25.1-5 V x> 

Show how to express the sinH^source shortest-paths problem as a product of ma- 
trices and a vector. Describe How-evaluating this product corresponds to a Bellman- 
Ford-like algorithm (see Section- 24. 1). 

25.1-6 "(5 v 

Suppose we also wish to compute the Vertices on shortest paths in the algorithms of 
this section. Show how to compute the predecessor matrix n from the completed 
matrix L of shortest-path weights in 0(n^^me. 

25.1-7 Ha 

We can also compute the vertices on shortest paths as we compute the shortest- 
path weights. Define n\j as the predecessor of vertd^ j on any minimum-weight 
path from i to j that contains at most m edges. Modify the Extend-Shortest- 
Paths and Slow- All-Pairs-Shortest-Paths procedures to compute the ma- 
trices n (1) , n (2) , . . . , n (B_1) as the matrices L (1) , L (2) , are computed. 

25.1-8 

The Faster-All-Pairs-Shortest-Paths procedure, as written, requires us to 
store |"lg(« — 1)] matrices, each with n 2 elements, for a total space requirement of 
0(« 2 lg«). Modify the procedure to require only 0(« 2 ) space by using only two 
n x n matrices. 



25.1-9 

Modify Faster-All-Pairs-Shortest-Paths so that it can determine whether 
the graph contains a negative-weight cycle. 
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25.1-10 

, Give an efficient algorithm to find the length (number of edges) of a minimum- 
^\ length negative-weight cycle in a graph. 

"A 



25.2 The Floyi^arshall algorithm 



In this section, we shall use a different dynamic -programming formulation to solve 
the all -panes shortest-paths problem on a directed graph G = (V, E). The result- 
ing algorithm, known as the Floyd-Warshall algorithm, runs in ®(V 3 ) time. As 
before, negativ^weight edges may be present, but we assume that there are no 
negative-weight\^des. As in Section 25.1, we follow the dynamic -programming 
process to develop the^ algorithm. After studying the resulting algorithm, we 
present a similar met^dfor finding the transitive closure of a directed graph. 

The structure of a shortl^stjjjath 

In the Floyd-Warshall algont^y, we characterize the structure of a shortest path 
differently from how we characterized it in Section 25.1. The Floyd-Warshall algo- 
rithm considers the intermediate \p«ices of a shortest path, where an intermediate 
vertex of a simple path p = (vi, v 2 ,.Jf, Vi) is any vertex of p other than Vi or V/, 
that is, any vertex in the set {v 2 , v 3 , . : .^vi-i}. 



The Floyd-Warshall algorithm relies-on the following observation. Under our 
assumption that the vertices of G are lO^Jl, 2, ...,«}, let us consider a subset 



{1, 2 k} of vertices for some k. For any pair of vertices i,j e V, consider all 

paths from i to j whose intermediate verticSswe all drawn from {1,2, ... ,k}, and 
let p be a minimum-weight path from among thQij/Path p is simple.) The Floyd- 
Warshall algorithm exploits a relationship betweeiCpath p and shortest paths from i 
to j with all intermediate vertices in the set {1,2,*. . . , k — 1}. The relationship 
depends on whether or not k is an intermediate vertex(oipath p. 

• If A: is not an intermediate vertex of path p, then aft^rttermediate vertices of 
path p are in the set {1, 2, . . . , k — 1}. Thus, a shortest path from vertex i 
to vertex j with all intermediate vertices in the set {1, 2, . . . , k — 1} is also a 
shortest path from i to j with all intermediate vertices in the set {1, 2, . . . , k}. 

• If A: is an intermediate vertex of path p, then we decompose p into i Q k j , 
as Figure 25.3 illustrates. By Lemma 24.1, pi is a shortest path from i to k 
with all intermediate vertices in the set {1,2, . . . , k}. In fact, we can make a 
slightly stronger statement. Because vertex k is not an intermediate vertex of 
path pi, all intermediate vertices of pi are in the set {1, 2, . . . , k — 1}. There- 
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all intermediate vertices in {1,2 k — 1} all intermediate vertices in {1,2,. . . ,k — 1} 



X 



<1 




all intermediate vertices in {1, 2 fe} 

Figure 25.3 Path p is a shortest path from vertex i to vertex j, and k is the highest-numbered 
intermediate vertex of p. Path pi , the portion of path p from vertex / to vertex k, has all intermediate 
vertices in the set {ivZ, . . . , k — 1}. The same holds for path p2 from vertex k to vertex j . 

fore, p\ is a sho<£est path from j to with all intermediate vertices in the set 
{1,2,...,*:- 1}. Similarly, p 2 is a shortest path from vertex k to vertex j with 
all intermediate vertiq^in the set {1, 2, . . . , k — 1}. 

A recursive solution to the all^airs shortest-paths problem 

Based on the above observations? we> define a recursive formulation of shortest- 
path estimates that differs from thetcjhe in Section 25.1. Let d-,- be the weight 
of a shortest path from vertex i to v^ftex j for which all intermediate vertices 
are in the set {1,2, ... ,k}. When k =(Q a path from vertex i to vertex j with 
no intermediate vertex numbered higher thp^O has no intermediate vertices at all. 
Such a path has at most one edge, and henc^k/ ; ^ 0) = . Following the above 
discussion, we define d i ■ recursively by 

d « -jrnin(4- 1 \4- 1 )+<- 1) ) if*>l. . ^ 

Because for any path, all intermediate vertices are in the^rt^l, 2, . . . ,n}, the ma- 
trix Z) (n) = (dfj ) gives the final answer: d^ = 8(i, j) fov*^ z, j S V . 

Computing the shortest-path weights bottom up 

Based on recurrence (25.5), we can use the following bottom-up procedure to com- 
pute the values rfy in order of increasing values of k. Its input is an nxn matrix W 
defined as in equation (25.1). The procedure returns the matrix Z) (n) of shortest- 
path weights. 
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Floyd-Warshall (W) 
1 n — W.rows 

£> (0) = W 

for k = 1 to n 
4^ > let D (fc) = (d^) be a new n x n matrix 

5 \P for i = 1 to n 

6 for 7 = 1 to n 

1 ® = min {d t'\ d t^ + dt 1 ') 

8 returTfQ) (n) 

Figure 25.4 sftq^vs the matrices computed by the Floyd-Warshall algorithm 
for the graph inFjg-ure 25.1. 

The running timt^of the Floyd-Warshall algorithm is determined by the triply 
nested for loops of life's 3-7. Because each execution of line 7 takes 0(1) time, 
the algorithm runs in time 0(« 3 ). As in the final algorithm in Section 25.1, the 
code is tight, with no eJafehrate data structures, and so the constant hidden in the 
©-notation is small. ThusftW Floyd-Warshall algorithm is quite practical for even 
moderate-sized input graphs: ^ 

Constructing a shortest path 

There are a variety of different methdds^for constructing shortest paths in the Floyd- 
Warshall algorithm. One way is to compute the matrix D of shortest-path weights 
and then construct the predecessor matr^^El from the D matrix. Exercise 25.1-6 
asks you to implement this method so thatj^runs in 0(n 3 ) time. Given the pre- 
decessor matrix n, the Print-All-Pairs^^rtest-Path procedure will print 
the vertices on a given shortest path. Q 

Alternatively, we can compute the predecessqr^natrix n while the algorithm 
computes the matrices D^ k \ Specifically, we compute a sequence of matrices 
n (0) , n (1) , . . . , n (n) , where II = n (n) and we defin^,^ as the predecessor of 
vertex j on a shortest path from vertex i with all interwTfejdiate vertices in the set 
{1,2,...,*}. k s\ 

We can give a recursive formulation of Ttfj . When k = Off a. shortest path from i 
to j has no intermediate vertices at all. Thus, 



ffl, = NIL if /=; or (25.6) 
| i if / j and vjjj < oo . 

For k > 1, if we take the path i k ~» j , where k ^ j , then the predecessor 
of j we choose is the same as the predecessor of j we chose on a shortest path 
from k with all intermediate vertices in the set {1, 2, — 1}. Otherwise, we 
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Figure 25.4 The sequence of matrices D^*' and 

n (fc) 

computed by the Floyd-Warshall algorithm 

for the graph in Figure 25.1. 
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choose the same predecessor of j that we chose on a shortest path from i with all 
intermediate vertices in the set {1, 2, . . . , k — 1}. Formally, for k > 1, 

( _(k-i) {fd (k-i) {k -i) d (k-i) 

^ if d«-» > d«- i) + • 

save the incorporation of the n (i) matrix computations into the FLOYD - 
Wars+iall procedure as Exercise 25.2-3. Figure 25.4 shows the sequence of IT (fc) 
matricea-mat the resulting algorithm computes for the graph of Figure 25.1. The 
exercise al#o asks for the more difficult task of proving that the predecessor sub- 
graph G ni r<a shortest-paths tree with root i. Exercise 25.2-7 asks for yet another 
way to reconstruct shortest paths. 

Transitive closurevoi a,directed graph 

Given a directed graprv$ = (V, E) with vertex set V = {1, 2, ...,«}, we might 
wish to determine whetbe'u G contains a path from i to j for all vertex pairs 
i, j € V. We define the tractive closure of G as the graph G* = (V, E*), where 

E* = {(/, j) : there is a path^m vertex i to vertex j in G} . 

One way to compute the transitifs closure of a graph in 0(n 3 ) time is to assign 
a weight of 1 to each edge of E andru^ the Floyd-Warshall algorithm. If there is a 
path from vertex i to vertex j , we get dr\ < n. Otherwise, we get dij = oo. 

There is another, similar way to compttte the transitive closure of G in 0(« 3 ) 
time that can save time and space in praetK^L This method substitutes the logical 
operations V (logical OR) and A (logical ^rfe) for the arithmetic operations min 
and + in the Floyd-Warshall algorithm. ForfyLk = 1, 2, . . . ,n, we define ty to 
be 1 if there exists a path in graph G from vertex-rte vertex j with all intermediate 
vertices in the set {1, 2, . . . , k}, and 0 otherwise. We construct the transitive closure 
G* = (V, E*) by putting edge (i, j) into E* if and* onjv if tjf = 1. A recursive 



definition of tjj , analogous to recurrence (25.5), is 



t (P) 



0 if i ^ j and E , ^ 

1 if i = j or (ij) e E , 



and for k > 1 , 

f (k) _ Ak-l) y f, 



ij - L ij v Vik ,xl kj 



(tr^tljl ■ (25-8) 



As in the Floyd-Warshall algorithm, we compute the matrices = (tf) ) in 
order of increasing k. 



Chapter 25 All-Pairs Shortest Paths 

4> ® 







Figure 25.5 A directed graph afrdjte matrices computed by the transitive-closure algorithm. 



Transitive-Closure (G) 
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6 
7 



10 
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13 



n = \G.V\ 

let T (0) = (4 0) ) be a new n x 
for / = 1 to n 

for j = 1 to « 

if j == j or (z, /) 6 G.E 

? (0) = 1 

else ^ 0) = 0 
for k = 1 to n 
let r<*> - f * (k) 
for ; = 

for j 



n matrix 

o 

lb 



o 



= (ty ) be a nev x 
1 to n 



1 to n 



t 



V 



return r (n) 



A f 



Figure 25.5 shows the matrices T {k) computed by the TRANSITIVE-CLOSURE 
procedure on a sample graph. The Transitive-Closure procedure, like the 
Floyd-Warshall algorithm, runs in 0(« 3 ) time. On some computers, though, log- 
ical operations on single-bit values execute faster than arithmetic operations on 
integer words of data. Moreover, because the direct transitive-closure algorithm 
uses only boolean values rather than integer values, its space requirement is less 
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than the Floyd-Warshall algorithm's by a factor corresponding to the size of a word 
of computer storage. 

ti ■ 

^^J&xercises 

RuiFras Floyd-Warshall algorithm on the weighted, directed graph of Figure 25.2. 
Show\fi^>matrix that results for each iteration of the outer loop. 

25.2-2 V , 

Show how >mpute the transitive closure using the technique of Section 25.1. 
25.2-3 

Modify the Floyd-Warshall procedure to compute the n (A:) matrices according 
to equations (25.6) arid- {25.7). Prove rigorously that for all i e V, the predecessor 
subgraph G n j is a sno^st-paths tree with root i. {Hint: To show that G„j is 
acyclic, first show that 1^ = I implies dfj > dfi + Wy, according to the 
definition of nf- . Then, adap^t the proof of Lemma 24.16.) 



25.2-4 " "<S> 

As it appeal's above, the Floyd-WapsJiall algorithm requires 0(« 3 ) space, since we 
compute dfj for i,j,k = 1,2, . .~7^>>Show that the following procedure, which 
simply drops all the superscripts, is cornet, and thus only 0(n 2 ) space is required. 

Floyd-Warshall' (W) 

1 n = W.rows 

2 D = W 

3 for k = 1 to n 

4 for i = 1 to n C 

5 for j = 1 to n • 

6 dy = min (d u ,d ik + d kj ) O 

7 return D O 



25.2-5 

Suppose that we modify the way in which equation (25.7) handles equality: 

( _.(*-!) if j(M , .(fc-i) 

* iJ ~\n^ if dt* > dt l) + ■ 

\ kj 1 j — ik kj 

Is this alternative definition of the predecessor matrix IT correct? 
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^ 25.2-6 

, How can we use the output of the Floyd-Warshall algorithm to detect the presence 
\^%f a negative-weight cycle? 



way to reconstruct shortest paths in the Floyd-Warshall algorithm uses 
valueSj^ for i, j, k = 1,2, ... ,n, where 0y is the highest-numbered interme- 
diate venule of a shortest path from i to j in which all intermediate vertices are 
in the seP{;Y^2, . . . ,k}. Give a recursive formulation for <f>\^ , modify the FLOYD - 
WARSHALL y ^pcedure to compute the 0y values, and rewrite the Print-All- 

Pairs-Shortb^-Path procedure to take the matrix <£> = {<p\f) as an input. 
How is the matrix, folike the s table in the matrix-chain multiplication problem of 
Section 15.2? ^ 

25.2-8 

Give an 0{VE)-time algwUhm for computing the transitive closure of a directed 
graph G = (V, E). <>^ 

25.2-9 0 

Suppose that we can compute the # transitive closure of a directed acyclic graph in 
f(\V\ , \E\) time, where / is a mot^anically increasing function of \ V\ and \E\. 
Show that the time to compute the transitive closure G* = (V, £"*) of a general 
directed graph G = (V, E) is then f(frfcjE\) + 0(V + E*). 

% 

25.3 Johnson's algorithm for sparse graphs *\J 

o 

Johnson's algorithm finds shortest paths between all pairs in 0(V 2 \gV + VE) 
time. For sparse graphs, it is asymptotically faster tha« either repeated squaring of 
matrices or the Floyd-Warshall algorithm. The algorithr^ither returns a matrix of 
shortest-path weights for all pairs of vertices or reports fhal@e input graph contains 
a negative-weight cycle. Johnson's algorithm uses as subrfiffljaies both Dijkstra's 
algorithm and the Bellman-Ford algorithm, which Chapter 24 describes. 

Johnson's algorithm uses the technique of reweighting, which works as follows. 
If all edge weights w in a graph G = (V, E) are nonnegative, we can find short- 
est paths between all pairs of vertices by running Dijkstra's algorithm once from 
each vertex; with the Fibonacci-heap min-priority queue, the running time of this 
all-pairs algorithm is 0(V 2 \g V + VE). If G has negative-weight edges but no 
negative-weight cycles, we simply compute a new set of nonnegative edge weights 
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that allows us to use the same method. The new set of edge weights w must satisfy 
two important properties: 

For all pairs of vertices u, v e V, a path p is a shortest path from u to v using 
weight function w if and only if p is also a shortest path from u to v using 
ight function w. 

2. Fqrall edges (u, v), the new weight w(u, v) is nonnegative. 

As we shall see in a moment, we can preprocess G to determine the new weight 
function !j^O{VE) time. 

Preserving sfyefejtest paths by reweighting 

The following liorma shows how easily we can reweight the edges to satisfy the 
first property abov(£we use 8 to denote shortest-path weights derived from weight 
function w and 8 to denote shortest-path weights derived from weight function w. 

Lemma 25.1 (Reweightii(jndoes not change shortest paths) 

Given a weighted, directed <^faph G = {V, E) with weight function w : E —>■ M, 
let h : V K be any functi^ mapping vertices to real numbers. For each edge 
(u, v) € E, define 

w(u, v) — w(u, v) + h(u)-h(tf$ . (25.9) 

Let p = (v 0 , Vi, . . . , Vfc) be any p^Cthfrom vertex v 0 to vertex Then p is a 
shortest path from v 0 to v k with weightsftmction w if and only if it is a shortest path 
with weight function w. That is, w(p) ^S^Vq 
Furthermore, G has a negative-weight eye 
if G has a negative-weight cycle using weij 



Proof We stait by showing that 
w5G?) = w(p) + /j(v 0 ) - h(v k ) . 
We have 



u;(p) 



^u5(v,_i, v/) 



Vfe) if and only if w(p) = 8(v 0 , v k ). 
jsing weight function w if and only 
taction w. 

• (25.10) 



1=1 



= ^(l0(v«_i, Vi) + /?(V/_i) - A(Vj)) 



i=l 
k 



= w(v,-_i, V,-) + /2(vo) — A(vt) (because the sum telescopes) 



i = l 



w(p) + h(v 0 )-h(v k ) . 



Chapter 25 All-Pairs Shortest Paths 



Therefore, any path p from v 0 to has w(p) = w(p) + h(v 0 ) — h(Vk). Be- 
cause h(v 0 ) and h{v^) do not depend on the path, if one path from v 0 to is 
^&horter than another using weight function w, then it is also shorter using w. Thus, 
t?H)/>) = S(v Q , if and only if w(p) = 8(v 0 , Vk). 

^juaHy, we show that G has a negative-weight cycle using weight function w if 
and off^y if G has a negative- weight cycle using weight function w. Consider any 
cycle {v 0 , Vi Vk), where v 0 = v^. By equation (25.10), 

w(c) =<$Wc) + h(v 0 ) - h(v k ) 




and thus c has tf^gative weight using w if and only if it has negative weight us- 
ing w. i ■ 

Producing nonnegati^ weights by reweighting 

Our next goal is to ensurfejhat the second property holds: we want w(u,v) to be 
nonnegative for all edges yCCx) £ E. Given a weighted, directed graph G = 
(V, E) with weight function aJJ^E — > R, we make a new graph G' = (V , E'), 
where V = V U {5} for some sew vertex s $ V and E' = E U {(5, v) : v e F}. 
We extend the weight function u? soJhat if (5, v) = 0 for all v e IA Note that 
because 5 has no edges that enter it>jio shortest paths in G', other than those with 
source s, contain s. Moreover, G' ha^fio negative- weight cycles if and only if G 
has no negative-weight cycles. Figure ^©5(a) shows the graph G' corresponding 
to the graph G of Figure 25. 1 . 

Now suppose that G and G' have no n^pkive-weight cycles. Let us define 
h(v) — 8(s, v) for all v e V . By the >^a|>gle inequality (Lemma 24.10), 
we have h(y) < h(u) + w(w,v) for all edges(7)/,v) e Thus, if we de- 
fine the new weights w by reweighting according^) equation (25.9), we have 
w(u, v) = w{u,v) + h(u) — h(v) > 0, and we have satisfied the second property. 
Figure 25.6(b) shows the graph G' from Figure 25.6(a) jm^h reweighted edges. 

Computing all-pairs shortest paths vO, 

Johnson's algorithm to compute all-pairs shortest paths uses the Bellman-Ford al- 
gorithm (Section 24.1) and Dijkstra's algorithm (Section 24.3) as subroutines. It 
assumes implicitly that the edges are stored in adjacency lists. The algorithm re- 
turns the usual \V\ x \V\ matrix D = dy, where dy = 8{i, j), or it reports that 
the input graph contains a negative-weight cycle. As is typical for an all-pairs 
shortest-paths algorithm, we assume that the vertices are numbered from 1 to | V \ . 




Figure 25.6 Johnson's all-pairs shortest-paths algorithm run on the graph of Figure 25.1. Ver- 
tex numbers appear outside the vertices, (a) The graph G' with the original weight function w. 
The new vertex s is black. Within each vertex v is h(v) = &(s, v). (b) After reweighting each 
edge (u, v) with weight function w(u, v) = w(u, v) + h(u) — h(v). (c)-(g) The result of running 
Dijkstra's algorithm on each vertex of G using weight function w. In each part, the source vertex u 
is black, and shaded edges are in the shortest-paths tree computed by the algorithm. Within each 
vertex v are the values S(u, v) and S(u, v), separated by a slash. The value d uv = S(u, v) is equal to 
<5(w, v) + h(v) — h(u). 
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Johnson(G, w) 

1 compute G', where G'.V = G.V U {s}, 
^> G'.E = G.E U {(s, v) : v e G.V}, and 
\> w(s, v) = Ofor all v e G.V 

2(^fBELLMAN-FORD(G', W , s) == FALSE 

3 O print "the input graph contains a negative-weight cycle" 

4 el$Tfor each vertex v e G'.V 



5 set h(v) to the value of 8(s, v) 

y-S computed by the Bellman-Ford algorithm 

6 for^eafch edge (u,v) e G'.E 

7 uijfav) — w(u,v) + h(u) — h(v) 

8 let D —Idvfv) be a new n x /j matrix 

9 for each Vertex u € G.V 

10 run DiTKS5PRA(G, u), w) to compute 8(u, v) for all v € G.V 

1 1 for each ver^x v e G.V 

12 c? MV Ssou v) + h(v)- h(u) 

13 return D 

This code simply performs mentions we specified earlier. Line 1 produces G'. 
Line 2 runs the Bellman-Ford algflrithta on G' with weight function if and source 
vertex s. If G', and hence G, contaW ^negative-weight cycle, line 3 reports the 
problem. Lines 4-12 assume that G' cbijuains no negative-weight cycles. Lines 4-5 
set h(v) to the shortest-path weight S(s computed by the Bellman-Ford algo- 
rithm for all v € V . Lines 6-7 compute tRpnew weights w. For each pair of ver- 
tices u, v € V , the for loop of lines 9-12 corArjutes the shortest-path weight S(u, v) 
by calling Dijkstra's algorithm once from eet©vertex in V . Line 12 stores in 
matrix entry d uv the correct shortest-path weigKQSfw, v), calculated using equa- 
tion (25.10). Finally, line 13 returns the completed(Z> matrix. Figure 25.6 depicts 
the execution of Johnson's algorithm. , 

If we implement the min-priority queue in Dijkstra's^gorithm by a Fibonacci 
heap, Johnson's algorithm runs in 0(V 2 lg V + VE) time. fl"he simpler binary min- 
heap implementation yields a running time of 0{VE\g KV^thich is still asymp- 
totically faster than the Floyd-Warshall algorithm if the graprfis sparse. 



Exercises 



25.3-1 

Use Johnson's algorithm to find the shortest paths between all pairs of vertices in 
the graph of Figure 25.2. Show the values of h and w computed by the algorithm. 
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^> 
^ 25.3-2 

, What is the puipose of adding the new vertex s to V, yielding V'l 

^Suppose that w(u,v) > 0 for all edges (u,v) € E. What is the relationship 
bsn^en the weight functions w and u;? 

25.3-® 

Profess(jfc)Greenstreet claims that there is a simpler way to reweight edges than 
the methodised in Johnson's algorithm. Letting w* = min^ u ^ €E {w(u, v)}, just 
define w(u^ — w(u, v) — w* for all edges (u, v) 6 E. What is wrong with the 
professor's method of reweighting? 

25.3-5 X 

Suppose that we rim Jshnson's algorithm on a directed graph G with weight func- 
tion w. Show that ifxT^ontains a 0- weight cycle c, then w(u,v) = 0 for every 
edge (u, v) in c. ^ ^ 

25.3-6 

Professor Michener claims ttf^Othere is no need to create a new source vertex in 
line 1 of Johnson. He claims ujat instead we can just use G' = G and let s be any 
vertex. Give an example of a weiffi))ed, directed graph G for which incorporating 
the professor's idea into JOHNSON c^ufses incorrect answers. Then show that if G 
is strongly connected (every vertex is r^Stjhable from every other vertex), the results 
returned by JOHNSON with the professo^piodification are correct. 



Problems O „ 

25-1 Transitive closure of a dynamic graph • 

Suppose that we wish to maintain the transitive closike^of a directed graph G = 
(V, E) as we insert edges into E. That is, after each efigkhas been inserted, we 
want to update the transitive closure of the edges inserted*^ far. Assume that the 
graph G has no edges initially and that we represent the transitive closure as a 
boolean matrix. 

a. Show how to update the transitive closure G* = ( V, E*) of a graph G = (V, E) 
in 0(V 2 ) time when a new edge is added to G. 



b. Give an example of a graph G and an edge e such that Q(V 2 ) time is required 
to update the transitive closure after the insertion of e into G, no matter what 
algorithm is used. 
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c. Describe an efficient algorithm for updating the transitive closure as edges are 
, inserted into the graph. For any sequence of n insertions, your algorithm should 
^\ run in total time Y^=\ U = 0(V 3 ), where /, is the time to update the transitive 
vQclosure upon inserting the ith edge. Prove that your algorithm attains this time 
- u >und. 



25-2 ^fyortest paths in e -dense graphs 

A graph (S^ = (V, E) is e-dense if \E\ = &(V 1+€ ) for some constant e in the 
range 0 < 1. By using c?-ary min-heaps (see Problem 6-2) in shortest-paths 
algorithms dnd-dense graphs, we can match the running times of Fibonacci-heap- 
based algorithrn^without using as complicated a data structure. 

a. What are the^Xunptotic running times for INSERT, Extract-Min, and 
DECREASE-KEY\ as ^ function of d and the number n of elements in a d-wy 
min-heap? What a^ these running times if we choose d = &(n a ) for some 
constant 0 < a < l\ Compare these running times to the amortized costs of 
these operations for a FCpdrmcci heap. 

b. Show how to compute shortqjS^pafhs from a single source on an e-dense directed 
graph G = (V, E) with no negative-weight edges in 0(E) time. (Hint: Pick d 
as a function of e.) 




c. Show how to solve the all-pairs shortest-paths problem on an e-dense directed 
graph G = (V, E) with no negative-weight edges in 0(VE) time. 

d. Show how to solve the all-pairs shortest^ths problem in 0(VE) time on an 
e-dense directed graph G = (V, E) that have negative-weight edges but 
has no negative- weight cycles. Q 

> 

Chapter notes 

Lawler [224] has a good discussion of the all-pairs shorte^ppaths problem, al- 
though he does not analyze solutions for sparse graphs. He attributes the matrix- 
multiplication algorithm to the folklore. The Floyd-Warshall algorithm is due to 
Floyd [105], who based it on a theorem of Warshall [349] that describes how to 
compute the transitive closure of boolean matrices. Johnson's algorithm is taken 
from [192]. 

Several researchers have given improved algorithms for computing shortest 
paths via matrix multiplication. Fredman [111] shows how to solve the all- 
pairs shortest paths problem using 0(V 5 l 2 ) comparisons between sums of edge 
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weights and obtains an algorithm that runs in 0(V 3 (\g lg V/ lg V) 1 ? 3 ) time, which 
is slightly better than the running time of the Floyd-Warshall algorithm. Han [159] 
•^reduced the running time to 0(V 3 (lglgV/lgV) 5 ^). Another line of research 
v'oemonstrates that we can apply algorithms for fast matrix multiplication (see the 
copter notes for Chapter 4) to the all-pairs shortest paths problem. Let 0(n a ) be 
fhe^ronning time of the fastest algorithm for multiplying n x n matrices; currently 
(o <&$16 [78]. Galil and Margalit [123, 124] and Seidel [308] designed algo- 
rithms tlrat solve the all-pairs shortest paths problem in undirected, unweighted 
graphs p{V)) time, where p(n) denotes a particular function that is poly- 

logarithmiralU* bounded in n. In dense graphs, these algorithms are faster than 
the 0(VE)hm& needed to perform \ V\ breadth-first searches. Several researchers 
have extendedvfnese results to give algorithms for solving the all-pairs shortest 
paths problem irMindirected graphs in which the edge weights are integers in the 
range {1,2,..., The asymptotically fastest such algorithm, by Shoshan and 
Zwick [316], runs in\nn£ 0{WV m p{VW)). 

Karger, Koller, and Rpulips [196] and independently McGeoch [247] have given 
a time bound that depen^ADn E* , the set of edges in E that participate in some 
shortest path. Given a graph^ith nonnegative edge weights, their algorithms run in 
0(VE* + V 2 lg V) time and (Hjprove upon running Dijkstra's algorithm \ V\ times 
when \E*\ = o(E). . 

Baswana, Hariharan, and Sen [83j| examined decremental algorithms for main- 
taining all-pairs shortest paths and^transitive-closure information. Decremen- 
tal algorithms allow a sequence of i^it^rmixed edge deletions and queries; by 
comparison, Problem 25-1, in which edges are inserted, asks for an incremen- 
tal algorithm. The algorithms by B as wtfna^s Hariharan, and Sen are randomized 
and, when a path exists, their transitive-cm&ire algorithm can fail to report it 
with probability l/n c for an arbitrary c > T£->The query times are 0(1) with 
high probability. For transitive closure, the amortized time for each update is 
0(V 4/3 lg 1/3 V). For all -pairs shortest paths, the update times depend on the 
queries. For queries just giving the shortest-path weights, the amortized time per 
update is 0(V 3 / E\g 2 V). To report the actual shortesVpath, the amortized up- 
date time is mm(0(V 3/2 jlgV), 0{V 3 /E\g 2 V)). DeWtrescu and Italiano [84] 
showed how to handle update and query operations when<ejJges are both inserted 
and deleted, as long as each given edge has a bounded range of possible values 
drawn from the real numbers. 

Aho, Hopcroft, and Ullman [5] defined an algebraic structure known as a "closed 
semiring," which serves as a general framework for solving path problems in di- 
rected graphs. Both the Floyd- Warshall algorithm and the transitive-closure algo- 
rithm from Section 25.2 are instantiations of an all-pairs algorithm based on closed 
semirings. Maggs and Plotkin [240] showed how to find minimum spanning trees 
using a closed semiring. 



26 ' ^Maximum Flow 

Just as we can niodsl a road map as a directed graph in order to find the shortest 
path from one point another, we can also interpret a directed graph as a "flow 
network" and use it to answer questions about material flows. Imagine a mate- 
rial coursing through a^sy^tem from a source, where the material is produced, to 
a sink, where it is consumed. The source produces the material at some steady 
rate, and the sink consumes>trWmaterial at the same rate. The "flow" of the mate- 
rial at any point in the system, is intuitively the rate at which the material moves. 
Flow networks can model manyvproblems, including liquids flowing through pipes, 
parts through assembly lines, currentthrough electrical networks, and information 
through communication networks. *0 v 

We can think of each directed edge'^n a flow network as a conduit for the mate- 
rial. Each conduit has a stated capacity, £5 en as a maximum rate at which the ma- 
terial can flow through the conduit, such a^OO gallons of liquid per hour through 
a pipe or 20 amperes of electrical current ^bugh a wire. Vertices are conduit 
junctions, and other than the source and sink^^terial flows through the vertices 
without collecting in them. In other words, the rafg^at which material enters a ver- 
tex must equal the rate at which it leaves the verte^xWe call this property "flow 
conservation," and it is equivalent to Kirchhoff 's current law when the material is 
electrical current. ^-n 

In the maximum-flow problem, we wish to compute Sh&>greatest rate at which 
we can ship material from the source to the sink withour^kjlating any capacity 
constraints. It is one of the simplest problems concerning ffienv networks and, as 
we shall see in this chapter, this problem can be solved by efficient algorithms. 
Moreover, we can adapt the basic techniques used in maximum-flow algorithms to 
solve other network-flow problems. 

This chapter presents two general methods for solving the maximum-flow prob- 
lem. Section 26.1 formalizes the notions of flow networks and flows, formally 
defining the maximum-flow problem. Section 26.2 describes the classical method 
of Ford and Fulkerson for finding maximum flows. An application of this method, 
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finding a maximum matching in an undirected bipartite graph, appeal's in Sec- 
, tion 26.3. Section 26.4 presents the push-relabel method, which underlies many of 
\§\ the fastest algorithms for network-flow problems. Section 26.5 covers the "relabel- 
V'ra-front" algorithm, a particular implementation of the push-relabel method that 
ra^s in time 0(V 3 ). Although this algorithm is not the fastest algorithm known, 
it i^lmtrates some of the techniques used in the asymptotically fastest algorithms, 
and 1 ^^ reasonably efficient in practice. 

% 

26.1 Flow networks %>' 

<? 

In this section, wdTgive a graph-theoretic definition of flow networks, discuss their 
properties, and define the maximum-flow problem precisely. We also introduce 
some helpful notation^' 

<* 

Flow networks and floW \ 

V\ 

A flow network G = {V, K) is a directed graph in which each edge (u, v) e E 
has a nonnegative capacity ct&f v) > 0. We further require that if E contains an 
edge (u, v), then there is no edge iv, u) in the reverse direction. (We shall see 
shortly how to work around this rQriction.) If (u, v) $ E, then for convenience 
we define c{u, v) = 0, and we disavow self-loops. We distinguish two vertices 
in a flow network: a source s and a sii@?. For convenience, we assume that each 
vertex lies on some path from the source^^he sink. That is, for each vertex v e V, 
the flow network contains a path s ~> v f^t. The graph is therefore connected 
and, since each vertex other than s has at le^a^pne entering edge, > \V\ — 1. 
Figure 26. 1 shows an example of a flow networ^ 

We are now ready to define flows more formalry. Let G = {V, E) be a flow 
network with a capacity function c. Let s be the source of the network, and let t be 
the sink. A flow in G is a real-valued function / : *V/\V —> R that satisfies the 
following two properties: 

Capacity constraint: For all u, v e V, we require 0 < f^fv) < c(u, v). 
Flow conservation: For all u e V — {s, t}, we require 

veV veV 



When (u,v) $ E, there can be no flow from u to v, and f(u, v) = 0. 
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(b) 

Figure 26.1 (a) Aj/ow network G = (V, E) for the Lucky Puck Company's trucking problem. 
The Vancouver factory {S^the source s, and the Winnipeg warehouse is the sink t. The company ships 
pucks through intermecuat^cities, but only c(u, v) crates per day can go from city u to city v. Each 
edge is labeled with its capacity, (b) A flow / in G with value |/| = 19. Each edge (w, v) is labeled 
by f(u, v)/c(u, v). The sla^h notation merely separates the flow and capacity; it does not indicate 
division. C 

We call the nonnegative quantity f(u, v) the flow from vertex u to vertex v. The 
value | / 1 of a flow / is defined^ 



(26.1) 



veV 



that is, the total flow out of the source m(n^s the flow into the source. (Here, the | ■ | 
notation denotes flow value, not absolute(v^lue or cardinality.) Typically, a flow 
network will not have any edges into the souijcev and the flow into the source, given 
by the summation J2 veV f(v, s), will be 0. W&'rnclude it, however, because when 
we introduce residual networks later in this chapter, the flow into the source will 
become significant. In the maximum-flow problem, are given a flow network G 
with source s and sink t, and we wish to find a flow of maximum value. 

Before seeing an example of a network-flow problerruJet us briefly explore the 
definition of flow and the two flow properties. The capacity constraint simply 
says that the flow from one vertex to another must be nonnagative and must not 
exceed the given capacity. The flow-conservation property s%*s that the total flow 
into a vertex other than the source or sink must equal the total flow out of that 
vertex— informally, "flow in equals flow out." 



An example of flow 

A flow network can model the trucking problem shown in Figure 26.1(a). The 
Lucky Puck Company has a factory (source s) in Vancouver that manufactures 
hockey pucks, and it has a warehouse (sink t) in Winnipeg that stocks them. Lucky 
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(b) 



Figure 26.2 Converting a network with antiparallel edges to an equivalent one with no antiparallel 
edges, (a) A flowm^work containing both the edges (v\ , V2) and (v 2 , vi). (b) An equivalent network 
with no antiparallelrerlges. We add the new vertex v', and we replace edge (vi, v 2 ) by the pair of 
edges (vi, v') and (y, u^J, both with the same capacity as (vi, v 2 ). 

v>' 

Puck leases space on tr-t&ks from another firm to ship the pucks from the factory 
to the warehouse. Because* the trucks travel over specified routes (edges) between 
cities (vertices) and have aT&jiited capacity, Lucky Puck can ship at most c(u, v) 
crates per day between each pair of cities u and v in Figure 26.1(a). Lucky Puck 
has no control over these routes and capacities, and so the company cannot alter 
the flow network shown in FigTire<26.1(a). They need to determine the largest 
number p of crates per day that they-cai^ship and then to produce this amount, since 
there is no point in producing more^ucks than they can ship to their warehouse. 
Lucky Puck is not concerned with howJong it takes for a given puck to get from 
the factory to the warehouse; they care that p crates per day leave the factory 
and p crates per day arrive at the warehous^eSV> 

We can model the "flow" of shipments wci%)a flow in this network because the 
number of crates shipped per day from one citjQb another is subject to a capacity 
constraint. Additionally, the model must obey fl^w conservation, for in a steady 
state, the rate at which pucks enter an intermediate cjfy must equal the rate at which 
they leave. Otherwise, crates would accumulate at int^rrjiediate cities. 



Modeling problems with antiparallel edges 



O 



Suppose that the trucking firm offered Lucky Puck the opportunity to lease space 
for 10 crates in trucks going from Edmonton to Calgary. It would seem natural to 
add this opportunity to our example and form the network shown in Figure 26.2(a). 
This network suffers from one problem, however: it violates our original assump- 
tion that if an edge (vi, v 2 ) e E, then (v 2 , Vi) $ E. We call the two edges (v l5 v 2 ) 
and (v 2 , Vi) antiparallel. Thus, if we wish to model a flow problem with antipar- 
allel edges, we must transform the network into an equivalent one containing no 
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antiparallel edges. Figure 26.2(b) displays this equivalent network. We choose 
one of the two antiparallel edges, in this case (vi, v 2 ), and split it by adding a new 
^lertex v' and replacing edge (v 1; v 2 ) with the pair of edges (v 1? v') and (v', v 2 ). 
also set the capacity of both new edges to the capacity of the original edge. 
Resulting network satisfies the property that if an edge is in the network, the 
rever^edge is not. Exercise 26.1-1 asks you to prove that the resulting network is 
equivalent to the original one. 

Thus, ws see that a real-world flow problem might be most naturally modeled 
by a network, with antiparallel edges. It will be convenient to disallow antipar- 
allel edges, tlowever, and so we have a straightforward way to convert a network 
containing anftparallel edges into an equivalent one with no antiparallel edges. 

Networks with nimble sources and sinks 

A maximum-flow problem may have several sources and sinks, rather than just 
one of each. The Lucky^TAick Company, for example, might actually have a set 
of m factories {si,s 2 , ■ ■ ■ , and a set of n warehouses {t\ , t 2 , ■ ■ ■ , t n }, as shown 
in Figure 26.3(a). Fortunatelj^his problem is no harder than ordinary maximum 
flow. ^ 

We can reduce the problem of determining a maximum flow in a network with 
multiple sources and multiple sinks^ an ordinary maximum-flow problem. Fig- 
ure 26.3(b) shows how to convert the nej&ork from (a) to an ordinary flow network 
with only a single source and a single sisk. We add a supersource s and add a 
directed edge (s, s,) with capacity c(s, siY?*<oo for each i = 1,2, ... ,m. We also 
create a new supersink t and add a directe^eclge (/, , /) with capacity c(/, , t) = oo 
for each i = 1,2, ... ,n. Intuitively, any flowWthe network in (a) corresponds to 
a flow in the network in (b), and vice versa. 'TW^ingle source s simply provides 
as much flow as desired for the multiple sources^ and the single sink / likewise 
consumes as much flow as desired for the multipleVsinks t t . Exercise 26.1-2 asks 
you to prove formally that the two problems are equivalent. 

o 

Exercises 

26.1-1 ' 

Show that splitting an edge in a flow network yields an equivalent network. More 
formally, suppose that flow network G contains edge (u, v), and we create a new 
flow network G' by creating a new vertex x and replacing (u, v) by new edges 
(u,x) and (x, v) with c(u,x) = c(x, v) = c(u, v). Show that a maximum flow 
in G' has the same value as a maximum flow in G. 
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Figure 26.3 Converting a multiple-sourc^j^tmltiple-sink maximum-flow problem into a problem 
with a single source and a single sink, (a) A Tlaw-network with five sources S = {s\, S2, .?3, S4, S5} 
and three sinks T = {t\ , ?2, ^3}. (b) An equivaieru_single-source, single-sink flow network. We add 
a supersource .v and an edge with infinite capaci^ffom s to each of the multiple sources. We also 
add a supersink t and an edge with infinite capacity^m each of the multiple sinks to t. 

26.1-2 O 

Extend the flow properties and definitions to th^multiple-source, multiple-sink 
problem. Show that any flow in a multiple-sourc%, multiple-sink flow network 
corresponds to a flow of identical value in the single{so)urce, single-sink network 
obtained by adding a supersource and a supersink, and versa. 

26.1-3 

Suppose that a flow network G = (V, E) violates the assumption that the network 
contains a path 5 ~> v ^ t for all vertices v € V. Let u be a vertex for which there 
is no path s u ~> t. Show that there must exist a maximum flow / in G such 
that f(u,v) = f(v,u) = 0 for all vertices v e V. 
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^ 26.14 

% Let / be a flow in a network, and let a be a real number. The scalar flow product, 
•^(ienoted af, is a function from V x V to M defined by 

(«X^(w, v) = a ■ /(u,v) . 

Prove^iat the flows in a network form a convex set. That is, show that if f t and / 2 
are flo\^)then so is af\ + (1 — a)/2 for all a in the range 0 < a < 1. 

*M % 

State the mawmum-flow problem as a linear-programming problem. 
2<U-tf 

Professor Adam h^\wo children who, unfortunately, dislike each other. The prob- 
lem is so severe fhat(not only do they refuse to walk to school together, but in fact 
each one refuses to wa^ on any block that the other child has stepped on that day. 
The children have no pr^Siem with their paths crossing at a corner. Fortunately 
both the professor's house (l&d the school are on corners, but beyond that he is not 
sure if it is going to be poss^fe to send both of his children to the same school. 
The professor has a map of his/^wn. Show how to formulate the problem of de- 
termining whether both his children can go to the same school as a maximum-flow 
problem. 

26.1-7 V* 

Suppose that, in addition to edge capaci^iek, a flow network has vertex capacities. 
That is each vertex v has a limit /(v) on ho^niuch flow can pass though v. Show 
how to transform a flow network G = (V, £^t^ith vertex capacities into an equiv- 
alent flow network G' = (V, E') without vei$^x)capacities, such that a maximum 
flow in G' has the same value as a maximum flo@in G. How many vertices and 
edges does G' have? 

a 

26.2 The Ford-Fulkerson method 



o 



This section presents the Ford-Fulkerson method for solving the maximum-flow 
problem. We call it a "method" rather than an "algorithm" because it encompasses 
several implementations with differing running times. The Ford-Fulkerson method 
depends on three important ideas that transcend the method and are relevant to 
many flow algorithms and problems: residual networks, augmenting paths, and 
cuts. These ideas are essential to the important max-flow min-cut theorem (The- 
orem 26.6), which characterizes the value of a maximum flow in terms of cuts of 
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the flow network. We end this section by presenting one specific implementation 
of the Ford-Fulkerson method and analyzing its running time. 
^\ The Ford-Fulkerson method iteratively increases the value of the flow. We start 
v-wifh f(u,v) = 0 for all u. v 6 V, giving an initial flow of value 0. At each 
itoitetion, we increase the flow value in G by finding an "augmenting path" in an 
asspfrated "residual network" Gf. Once we know the edges of an augmenting 
patrt KT\G/, we can easily identify specific edges in G for which we can change 
the floxwsp that we increase the value of the flow. Although each iteration of the 
Ford-FuHcgtxon method increases the value of the flow, we shall see that the flow 
on any particular edge of G may increase or decrease; decreasing the flow on some 
edges may be necessary in order to enable an algorithm to send more flow from the 
source to the sialic We repeatedly augment the flow until the residual network has 
no more augmerttin& paths. The max-flow min-cut theorem will show that upon 
termination, this process, yields a maximum flow. 

FORD-FULKERSON-M^HOD (G, S, t) 

1 initialize flow / to 0 

2 while there exists an augmenting path p in the residual network Gf 

3 augment flow / along^ 

4 return / • > 

In order to implement and analyze {he Ford-Fulkerson method, we need to intro- 
duce several additional concepts. Q 

Residual networks t\> 

Intuitively, given a flow network G and a flovM~the residual network G/ consists 
of edges with capacities that represent how we camehange the flow on edges of G. 
An edge of the flow network can admit an amount of additional flow equal to the 
edge's capacity minus the flow on that edge. If trtet value is positive, we place 
that edge into G/ with a "residual capacity" of C/(Op) = c(u,v) — f(u,v). 
The only edges of G that are in G/ are those that caK_Admit more flow; those 
edges (u, v) whose flow equals their capacity have Cf(u, w£>= 0, and they are not 
in Gf. 

The residual network G/ may also contain edges that are not in G, however. 
As an algorithm manipulates the flow, with the goal of increasing the total flow, it 
might need to decrease the flow on a particular edge. In order to represent a pos- 
sible decrease of a positive flow f(u, v) on an edge in G, we place an edge (v, u) 
into Gf with residual capacity C/(v, u) = f(u, v)— that is, an edge that can admit 
flow in the opposite direction to (u, v), at most canceling out the flow on (w, v). 
These reverse edges in the residual network allow an algorithm to send back flow 
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it has already sent along an edge. Sending flow back along an edge is equiva- 
lent to decreasing the flow on the edge, which is a necessary operation in many 
•^lgprithms. 

x^jAore formally, suppose that we have a flow network G = (V, E) with source s 
andOjink t. Let / be a flow in G, and consider a pair of vertices u, v e V . We 
demV4ie residual capacity c/(u, v) by 

c(u, v) — f(u, v) if (w, v) € E , 
c f (u, v) %ivAv, u) if (v, u) € E , (26.2) 

T^0>' otherwise . 

Because of our , a^umption that (u, v) € E implies (v, u) $ E, exactly one case in 
equation (26.2) appjres to each ordered pair of vertices. 

As an example ofl(equation (26.2), if c(u, v) = 16 and f(u, v) = 11, then we 
can increase f(u, v) b^up to c/(u, v) = 5 units before we exceed the capacity 
constraint on edge (u, v)^Ve also wish to allow an algorithm to return up to 11 
units of flow from v to u, a(rfej>hence c/(y, u) = 11. 

Given a flow network G ^(V, E) and a flow /, the residual network of G 
induced by / is G/ = (V, Ej J^jhere 

E f = {(u,v)(=VxV:c f (u,v)*>® . (26.3) 

That is, as promised above, each edge^d!" the residual network, or residual edge, 
can admit a flow that is greater than 0. Figure 26.4(a) repeats the flow network G 
and flow / of Figure 26.1(b), and Figure2/r4(b) shows the corresponding residual 
network G/. The edges in Ef are either edg^yi E or their reversals, and thus 

\E f \ < 2 \E\ . 

Observe that the residual network G/ is similar tOxaNflow network with capacities 
given by c/. It does not satisfy our definition of a flow network because it may 
contain both an edge (u, v) and its reversal (v, u). Other than this difference, a 
residual network has the same properties as a flow network, and we can define a 
flow in the residual network as one that satisfies the definWW of a flow, but with 
respect to capacities cy in the network G/. 

A flow in a residual network provides a roadmap for adding flow to the original 
flow network. If / is a flow in G and /' is a flow in the corresponding residual 
network G/, we define / f /' ^ the augmentation of flow /by /', to be a function 
from V x V to R, defined by 

(/tyo(.,»)-{f" lV) + / ' ( "- v) - />1 " ) T V)€E - ^ 

/ 0 otherwise . 
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Figure 26.4 (a) The flow network^, and flow / of Figure 26.1(b). (b) The residual network Gf 
with augmenting path p shaded; its-residual capacity is Cf(p) = £y(v2,V3) = 4. Edges with 
residual capacity equal to 0, such as (vj», y^bare not shown, a convention we follow in the remainder 
of this section, (c) The flow in G that resuftsjrom augmenting along path p by its residual capacity 4. 
Edges carrying no flow, such as (V3, V2), ai^Mbeled only by their capacity, another convention we 
follow throughout, (d) The residual network lr^^ed by the flow in (c). 



The intuition behind this definition foflows^he definition of the residual network. 
We increase the flow on (u, v) by f'(u. vhftnt decrease it by f'(v, u) because 
pushing flow on the reverse edge in the residilahnetwork signifies decreasing the 
flow in the original network. Pushing flow onife^ reverse edge in the residual 
network is also known as cancellation. For example, if we send 5 crates of hockey 
pucks from u to v and send 2 crates from v to u, we could equivalently (from the 
perspective of the final result) just send 3 creates from>< to v and none from v to u. 
Cancellation of this type is crucial for any maximum-flow^Jgorithm. 

Lemma 26.1 

Let G = (V, E) be a flow network with source s and sink /, and let / be a flow 
in G. Let Gf be the residual network of G induced by /, and let /' be a flow 
in Gf. Then the function f \ f defined in equation (26.4) is a flow in G with 

value |/t/'| = l/l + I.A 



Proof We first verify that / f /' obeys the capacity constraint for each edge in E 
and flow conservation at each vertex in V — {s, t}. 
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For the capacity constraint, first observe that if (u, v) e E, then c/(v,u) = 
f(u, v). Therefore, we have f'(y, u) < c/(v, u) = f(u, v), and hence 

^SHA f')(u,v) = f(u,v) + f'(u,v)- f'(v,u) (by equation (26.4)) 

•< . > f(u, v) + f'(u,v) — f(u,v) (because f'(v,u)<f(u,v)) 

= f(M,v) 

In additio^) 

^<fiu, v) + f'(u, v) - f'(v, u) (by equation (26.4)) 

< v(M.> v ) + f'( u < v ) (because flows are nonnegative) 

— Jv^d + Cf(u, v) (capacity constraint) 

= c(u, v) — f(u, v) (definition of Cf) 

= c(u,v) 

For flow conservation, b^use both / and /' obey flow conservation, we have 
that for all w e V-{s,t}, O 

£(/f /')("> v) = £(/®,v) + /'(u,v)-/'(v,u)) 

= E/(^ u H^ /,(M ' v) "^ /,(v ' M) 

V€F f*S VSF 

= ^/(v >M ) + ^'(v jM )- £/>,v) 
= ^(f(y,u) + f'(y*$yf'(u,v)) 

where the third line follows from the second by flow conservation. 

Finally, we compute the value of / f /'. Recall that @ disallow antiparallel 
edges in G (but not in Gy), and hence for each vertex v e ^we know that there 
can be an edge (s, v) or (v, s), but never both. We define V\ = {v : (s, v) e E} 
to be the set of vertices with edges from s, and V 2 = {v : (v, s) e E} to be the 
set of vertices with edges to s. We have ViUV 2 QV and, because we disallow 
antiparallel edges, V x H V 2 = 0. We now compute 

l/t/'l = E^t/')(^v)-^(/t/')(v,5) 

= E(/t/')(^^)-E(/t/')(v^), (26.5) 

vsVi V6V2 
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where the second line follows because (/ f f')(w,x) is 0 if (w, x) $ E. We now 
apply the definition of / f /' to equation (26.5), and then reorder and group terms 
^\ to obtain 

J2 (/(* v) + f'(s, v) - f'(v, s)) - (/(v, s) + f'(v, s) - f'(s, V)) 

neVi veV 2 

_/(j,v)+£/'(s,v)-£/'(v,.s) 

f( v < j ) - E f' (v > j ) + E u > 

,< ^3)veK2 v€V 2 VSF2 

= E/^^aE/^) 

+ X^W v ) + E y ) - E - E j ) 

veVi > veV 2 veVy veV 2 

= £/(j,v)-jj5^) + E E /'( v ' s )- < 26 - 6 ) 

ve^! vsK 2 ^ veV l uV 2 vsV l uV 2 

In equation (26.6), we can extend ah" four summations to sum over V, since each 
additional term has value 0. (Exer@e 26.2-1 asks you to prove this formally.) We 
thus have 

i/t/i = E/^ v )-E/( v '^E-/"^ v )-E/>> s ) < 26 - 7 ) 
= m + i/'i ■ ■ 

Augmenting paths 

Given a flow network G = (V,E) and a flow /f an augmenting path p is a 
simple path from j to t in the residual network G/. By^e definition of the resid- 
ual network, we may increase the flow on an edge (w,(Q)of an augmenting path 
by up to C/(u, v) without violating the capacity constraint^j whichever of (u, v) 
and (v, u) is in the original flow network G. 

The shaded path in Figure 26.4(b) is an augmenting path. Treating the residual 
network Gf in the figure as a flow network, we can increase the flow through each 
edge of this path by up to 4 units without violating a capacity constraint, since the 
smallest residual capacity on this path is cy(v 2 , v 3 ) = 4. We call the maximum 
amount by which we can increase the flow on each edge in an augmenting path p 
the residual capacity of p, given by 

Cf(p) = min {c/(u, v) : (u, v) is on p} . 
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The following lemma, whose proof we leave as Exercise 26.2-7, makes the above 
argument more precise. 

{lemma 26.2 

Ee^vfi = (V, E) be a flow network, let / be a flow in G, and let p be an augmenting 
patX^G/. Define a function f p : V x V -> R by 



C/(_p) if (u, v) is on /? , 



Wo otherwise. <26 - 8) 
Then, f p is a>fl£w in G/ with value = c/(j?) > 0. ■ 



The following ceroUary shows that if we augment /' by f p , we get another flow 
in G whose value is^closer to the maximum. Figure 26.4(c) shows the result of 
augmenting the flow Jwmti Figure 26.4(a) by the flow f p in Figure 26.4(b), and 
Figure 26.4(d) shows thevensuing residual network. 

Corollary 26.3 

Let G = (V, E) be a flow i^vork, let / be a flow in G, and let p be an 
augmenting path in G/. Let /^.be defined as in equation (26.8), and suppose 
that we augment / by f p . Then tKe) function / f f p is a flow in G with value 
l/t/ P l = l/l + l/pl>l/l- 




Proof Immediate from Lemmas 26.1 an^36.2. ■ 
Cuts of flow networks v*\ 

The Ford-Fulkerson method repeatedly augmentsG)eJiow along augmenting paths 
until it has found a maximum flow. How do we Know that when the algorithm 
terminates, we have actually found a maximum flow?«The max-flow min-cut theo- 
rem, which we shall prove shortly, tells us that a flow is (n&ximum if and only if its 
residual network contains no augmenting path. To prove t@ theorem, though, we 
must first explore the notion of a cut of a flow network. 

A cut (S, T) of flow network G = (V, E) is a partition of V into S and 
T = V — S such that s e S and t e T. (This definition is similar to the def- 
inition of "cut" that we used for minimum spanning trees in Chapter 23, except 
that here we are cutting a directed graph rather than an undirected graph, and we 
insist that s e S and t e T .) If / is a flow, then the net flow f(S, T) across the 
cut (S, T) is defined to be 

ns, n = E E f( u > u ) - E E f( v > M ) ■ < 26 - 9 ) 

usS veT ueS vsT 
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Figure 26.5 \J^cut (S,T) in the flow network of Figure 26.1(b), where S = {s, v\,v 2 } and 
T = {v3, V4, ?}.,>$he vertices in S are black, and the vertices in T are white. The net flow 
across (S, T) is /^S^) = 19, and the capacity is c(S, T) = 26. 



The capacity of fhe~cu£{,S, T) is 



c(S, T) 



2J2> 



(26.10) 



A minimum cut of a networkis a cut whose capacity is minimum over all cuts of 
the network. vV 

The asymmetry between the tlefiAitions of flow and capacity of a cut is inten- 
tional and important. For capacity^we, count only the capacities of edges going 
from S to T, ignoring edges in theVeverse direction. For flow, we consider the 
flow going from S to T minus the flovCgbing in the reverse direction from T to S. 
The reason for this difference will becorX^elear later in this section. 

Figure 26.5 shows the cut ({s, v l5 v 2 } v 4 , t}) in the flow network of Fig- 
ure 26.1(b). The net flow across this cut is \(\} 



/Oi, v 3 ) + f(v 2 . v 4 ) - f(v 3 , v 2 ) 

and the capacity of this cut is 

c(v 1 ,v 3 ) + c(v 2 ,v 4 ) = 12+14 
= 26. 



f- f?x4 



= 19 



The following lemma shows that, for a given flow /, the net flow across any cut 
is the same, and it equals | / 1 , the value of the flow. 



Lemma 26.4 

Let / be a flow in a flow network G with source 5 and sink t, and let (S, T) be any 
cut of G. Then the net flow across (S, T) is / (S, T) = \f\. 
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Proof We can rewrite the flow-conservation condition for any node u e V —{sj} 
as 




/(u,v)-£/(v,k) = 0. (26.11) 

TaMj^gvhe definition of \f\ from equation (26.1) and adding the left-hand side of 
equatrqfr(26.11), which equals 0, summed over all vertices in S — {s}, gives 



v<=V w>* v<=V ueS-{s] \v<=V v€V / 

Expanding the right-hand summation and regrouping terms yields 

i/i = E/(*,v$*y;/(v,j)+ J2 E/("> v )- E E^ M ) 

veV \f%eV ueS-{s} veV ueS-{s] veV 

= W/(*,v)+^£ /(",v)]-W/(v,*) + E ^ V ' M )) 

vsK V «e&^f} / veV V ueS-{s} / 

= EE^ (m ' v ) - ESZ-^ v ' m ) • 

Because V = S U 7 1 and 5 fl T =£_0, we can split each summation over V into 
summations over S and T to obtain \^ 

i/i = EE/(^ v ) + EE/( mC VeE/^ m )-EE/^ m ) 
= EE/( m ' v )-EE/^ m )^) 



+ (EE/("^)-EE/^)) • 

VveS ueS veS u€S JL 



The two summations within the parentheses are actualTy(The same, since for all 
vertices x, y e V, the term f(x, y) appears once in each sug^ation. Hence, these 
summations cancel, and we have 



i/i = EE/^ v )-EE/( v ' M ) 

ueS vsT ueS vsT 

= f(S,T). 



A corollary to Lemma 26.4 shows how we can use cut capacities to bound the 
value of a flow. 
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Corollary 26.5 

The value of any flow / in a flow network G is bounded from above by the capacity 
of any cut of G. 

of Let (S, T) be any cut of G and let / be any flow. By Lemma 26.4 and the 
cagasity constraint, 

l/l f(S,T) 

IS v€T usS vsT 



< 



< 




f(u, v) 



= c(s,r).V > : 



Corollary 26.5 yields tffe immediate consequence that the value of a maximum 
flow in a network is bounded-from above by the capacity of a minimum cut of 
the network. The important max-flow min-cut theorem, which we now state and 
prove, says that the value of a rfiaxihium flow is in fact equal to the capacity of a 
minimum cut. v 

X 

Theorem 26.6 (Max-flow min-cut thes&m) 

If / is a flow in a flow network G = ^^-E) with source s and sink t, then the 
following conditions are equivalent: \§l 

1. / is a maximum flow in G. 

2. The residual network Gf contains no augmltt^Rg paths. 

3. |/| = c(S, T) for some cut (S, T) of G. 

"o 

Proof (1) =>■ (2): Suppose for the sake of contradictjKJji that / is a maximum 
flow in G but that Gf has an augmenting path p. Theivjiy Corollary 26.3, the 
flow found by augmenting / by f p , where f p is given by equation (26.8), is a flow 
in G with value strictly greater than | / 1 , contradicting the assumption that / is a 
maximum flow. 

(2) =>■ (3): Suppose that Gf has no augmenting path, that is, that Gf contains 
no path from s to t. Define 

S = {v e V : there exists a path from s to v in Gf} 

and T = V — S. The partition (S, T) is a cut: we have s e S trivially and t $ S 
because there is no path from s to t in Gf. Now consider a pair of vertices 
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u e S and v € T. If e is, we must have f(u,v) = c{u,v), since 

otherwise (u, v) 6 Ef, which would place v in set S. If (v,m) e we must 
•^haye f(v,u) = 0, because otherwise C/(u, v) = /(v,u) would be positive and 
«ra would have (u, v) e Ef, which would place v in S. Of course, if neither (u, v) 
no^p), u) is in E, then f(u, v) = f (v, u) = 0. We thus have 

U€S v€T vsT ueS 

By Lemma 26.4,1hejefore, |/| = T) = c(S, T). 

(3) (1): By Canary 26.5, \ f\ < c(S, T) for all cuts (S, T). The condition 
\f\=c(S,T) thus impkes that / is a maximum flow. ■ 

<* 

The basic Ford-Fulkersoi^iijgorithm 

In each iteration of the Ford-^ulkerson method, we find some augmenting path p 
and use p to modify the flow ^v>As Lemma 26.2 and Corollary 26.3 suggest, we 
replace / by / f f p , obtaining a aewflow whose value is \f\ + \f p \. The follow- 
ing implementation of the method C@iputes the maximum flow in a flow network 
G = (V, E) by updating the flow attribute (u, v).f for each edge (u, v) e 
If (w, v) ^ £, we assume implicitly thaQjw, i>)./ = 0. We also assume that we 
are given the capacities c(u, v) along wi(R)Ihe flow network, and c(u, v) = 0 
if (m, v) ^ £. We compute the residual cap^jty C/(u, v) in accordance with the 
formula (26.2). The expression Cf(p) in the c^s^ is just a temporary variable that 
stores the residual capacity of the path p. q 

Ford-Fulkerson(G, S, t) 

1 for each edge (u,v) e G.E * ^ 

2 (u,v)./ = 0 

3 while there exists a path p from * to £ in the residual netjsprk Gf 

4 Cf(p) = min{c/(u, v) : (u, v) is in p} \> 

5 for each edge (u, v) in /> 

6 if (w, v) e E 

1 (u,v).f = (u,v).f + c f (p) 

8 else (v,u)./ = (v,u).f — c/(p) 



Recall from Section 22.1 that we represent an attribute / for edge (u, v) with the same style of 
notation — (u, v).f — that we use for an attribute of any other object. 
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The FORD-FULKERSON algorithm simply expands on the FORD-FULKERSON- 
Method pseudocode given earlier. Figure 26.6 shows the result of each iteration 
in a sample run. Lines 1-2 initialize the flow / to 0. The while loop of lines 3-8 
v'repeatedly finds an augmenting path p in G/ and augments flow / along p by 
th£)residual capacity C/(p). Each residual edge in path p is either an edge in the 
original network or the reversal of an edge in the original network. Lines 6-8 
upd&tsrthe flow in each case appropriately, adding flow when the residual edge is 
an origural edge and subtracting it otherwise. When no augmenting paths exist, the 
flow / is awiaximum flow. 

Analysis of F,p#jl-Fulkerson 

The running timfeS^fFORD-FULKERSON depends on how we find the augmenting 
path p in line 3. If ^ye choose it poorly, the algorithm might not even terminate: the 
value of the flow wiN^mcrease with successive augmentations, but it need not even 
converge to the maximum flow value. 2 If we find the augmenting path by using a 
breadth-first search (whiqh^e saw in Section 22.2), however, the algorithm runs in 
polynomial time. Before prying this result, we obtain a simple bound for the case 
in which we choose the augm^tting path arbitrarily and all capacities are integers. 

In practice, the maximum-ffow problem often arises with integral capacities. If 
the capacities are rational numbet^fswe can apply an appropriate scaling transfor- 
mation to make them all integral. Ir7/&enotes a maximum flow in the transformed 
network, then a straightforward implementation of FORD-FULKERSON executes 
the while loop of lines 3-8 at most \f ^"times, since the flow value increases by at 
least one unit in each iteration. v ^c\ 

We can perform the work done within the-while loop efficiently if we implement 
the flow network G = (V, E) with the righf^oarastructure and find an augmenting 
path by a linear-time algorithm. Let us assume^tnal we keep a data structure cor- 
responding to a directed graph G' = (V, E'), wh&re E' = {(u, v) : (w, v) e £ or 
(v, u) € E}. Edges in the network G are also edg9s in G', and therefore we can 
easily maintain capacities and flows in this data struc@e. Given a flow / on G, 
the edges in the residual network G/ consist of all ed£e^.(w, v) of G' such that 
Cf(u, v) > 0, where cy conforms to equation (26.2). TK^jime to find a path in 
a residual network is therefore 0(V + E') = 0(E) if we use either depth-first 
search or breadth-first search. Each iteration of the while loop thus takes 0(E) 
time, as does the initialization in lines 1-2, making the total running time of the 
FORD-FULKERSON algorithm 0(E \f*\). 



2 The Ford-Fulkerson method might fail to terminate only if edge capacities are irrational numbers. 
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(a) 



(b) 



(c) 




Figure 26.6 The execution of the basic Ford^Fulkerson algorithm, (a)-(e) Successive iterations of 
the while loop. The left side of each part shows W residual network Gy from line 3 with a shaded 
augmenting path p. The right side of each part sho^^Jte new flow / that results from augmenting / 
by f p . The residual network in (a) is the input network C\. 

When the capacities are integral and the optii© flow value \f* \ is small, the 
running time of the Ford-Fulkerson algorithm is go gure 26.7(a) shows an ex- 
ample of what can happen on a simple flow network for, which | / * | is large. A max- 
imum flow in this network has value 2,000,000: 1,000(0Q0 units of flow traverse 
the path s — >■ u — > t, and another 1,000,000 units traversq(Tt)e path s v — >■ t. If 
the first augmenting path found by FORD-FULKERSON is s -> v -> t, shown 
in Figure 26.7(a), the flow has value 1 after the first iteration^The resulting resid- 
ual network appeal's in Figure 26.7(b). If the second iteration finds the augment- 
ing path s v u t , as shown in Figure 26.7(b), the flow then has value 2. 
Figure 26.7(c) shows the resulting residual network. We can continue, choosing 
the augmenting path s—^u^-v—>-tm the odd-numbered iterations and the aug- 
menting path s—^v^-u^-tm the even-numbered iterations. We would perform 
a total of 2,000,000 augmentations, increasing the flow value by only 1 unit in each. 
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Figure 26.6, continued (f) The residual netwerk at the last while loop test. It has no augmenting 
paths, and the flow / shown in (e) is therefore-amaximum flow. The value of the maximum flow 
found is 23. v £> 

The Edmonds-Karp algorithm 

We can improve the bound on Ford-Fulkers^j by finding the augmenting 
path p in line 3 with a breadth-first search. That is, we choose the augmenting 
path as a shortest path from s to t in the residual network, where each edge has 
unit distance (weight). We call the Ford-Fulkerson method so implemented the 
Edmonds-Karp algorithm. We now prove that the EdmWds-Karp algorithm runs 
in 0(VE 2 ) time. V 

The analysis depends on the distances to vertices in the residual network Gf. 
The following lemma uses the notation S/(u,v) for the shortest-path distance 
from u to v in Gf, where each edge has unit distance. 



Lemma 26.7 

If the Edmonds-Karp algorithm is run on a flow network G = (V, E) with source s 
and sink t, then for all vertices v e V — {s, t}, the shortest-path distance S/(s, v) 
in the residual network Gf increases monotonically with each flow augmentation. 
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(b) 



(c) 



Figure 26.7 (a^A flow network for which FORD-FULKERSON can take @(E \f*\) time, 
where /* is a rrraxifaum flow, shown here with |/*| = 2,000,000. The shaded path is an aug- 
menting path with raSidual capacity 1. (b) The resulting residual network, with another augmenting 
path whose residual capacity is 1. (c) The resulting residual network. 

\> 

Proof We will suppd^e that for some vertex v e V — {s, /}, there is a flow aug- 
mentation that causes thCskortest-path distance from s to v to decrease, and then 
we will derive a contradicti^ Let / be the flow just before the first augmentation 
that decreases some shortest-<path distance, and let /' be the flow just afterward. 
Let v be the vertex with the mi^)num 8f(s, v) whose distance was decreased by 
the augmentation, so that 8f>(s, v\ < 8/(s, v). Let p = s^u—rvbe& shortest 
path from s to v in G//, so that (w, \(fy Ef< and 



8f(s, u) = 8f{s, v) — 1 . 



Because of how we chose v, we know tha 
did not decrease, i.e., 



it~fmdi 



(26.12) 



distance of vertex u from the source s 



8f(s,u) > 8 f (s,u) . ^ (26.13) 

We claim that (w, v) ^ Ef. Why? If we had (w, J^=>Ef, then we would also have 

8f(s,v) < 8/(s, u) + 1 (by Lemma 24.10, the triangle inequality) 

< 8 f r(s,u) + l (by inequality (26.13)) Q 
= 8f/(s,v) (by equation (26. 12)) , Q 

which contradicts our assumption that 8f,(s, v) < 8/(s,v). 

How can we have (u,v) $ Ef and (u,v) 6 Ef? The augmentation must 
have increased the flow from v to m. The Edmonds-Karp algorithm always aug- 
ments flow along shortest paths, and therefore the shortest path from s to u in Gf 
has (y, u) as its last edge. Therefore, 

8/(s, v) = 8/(s, u) — 1 

< 8f(s, u) — 1 (by inequality (26.13)) 
= 8f(s, v) — 2 (by equation (26.12)) , 
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which contradicts our assumption that 8f>(s, v) < 8/(s, v). We conclude that our 
assumption that such a vertex v exists is incorrect. ■ 

The next theorem bounds the number of iterations of the Edmonds-Karp algo- 
Thedmm 26.8 

If the^Ettmonds-Karp algorithm is run on a flow network G = (V, E) with source s 
and sinEsjyhen the total number of flow augmentations performed by the algorithm 
is 0(VEl? 

Proof We sSy^hat an edge (w, v) in a residual network G/ is critical on an aug- 
menting path ptl^he residual capacity of p is the residual capacity of (u,v), that 
is, if Cf(p) = c/(z(fS). After we have augmented flow along an augmenting path, 
any critical edge on«^hVpath disappears from the residual network. Moreover, at 
least one edge on any augmenting path must be critical. We will show that each of 
the | E | edges can become'fcritical at most | V \ /2 times. 

Let u and v be vertices ir^K that are connected by an edge in E. Since augment- 
ing paths are shortest paths, v^n (w, v) is critical for the first time, we have 

8/(s, v) = 8/(s, u) + 1 . • > 

Once the flow is augmented, the eageCw, v) disappears from the residual network. 
It cannot reappear later on another augmenting path until after the flow from u to v 
is decreased, which occurs only if (v, VjLappears on an augmenting path. If /' is 
the flow in G when this event occurs, theVwe have 

8fr(s, u) = 8 r (s, v) + 1 . 

Since 8/(s, v) < Sf(s, v) by Lemma 26.7, we lQe, 

8f(s,u) = 8fr(s, v) + 1 

> 8 f (s,v) + l *Q 
= 8 f (s, u) + 2. O 

Consequently, from the time (u, v ) becomes critical to^the time when it next 
becomes critical, the distance of u from the source increases by at least 2. The 
distance of u from the source is initially at least 0. The intermediate vertices on a 
shortest path from 5 to it cannot contain s, u, or t (since (u, v) on an augmenting 
path implies that u ^ t). Therefore, until u becomes unreachable from the source, 
if ever, its distance is at most \ V\ — 2. Thus, after the first time that (u, v) becomes 
critical, it can become critical at most (| V\ — 2)/2 = | V\ /2 — 1 times more, for a 
total of at most \ V\ /2 times. Since there are 0(E) pairs of vertices that can have an 
edge between them in a residual network, the total number of critical edges during 
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the entire execution of the Edmonds-Karp algorithm is 0(VE). Each augmenting 
path has at least one critical edge, and hence the theorem follows. ■ 

secause we can implement each iteration of FORD-FULKERSON in 0(E) time 
we find the augmenting path by breadth-first search, the total running time of 
londs-Karp algorithm is 0(VE 2 ). We shall see that push-relabel algorithms 
can yie'M.even better bounds. The algorithm of Section 26.4 gives a method for 
achievirtg^ri 0(V 2 E) running time, which forms the basis for the 0(V 3 )-time 
algoritlimx^Section 26.5. 

26.2-1 \& 

Prove that the sumfnations in equation (26.6) equal the summations in equa- 
tion (26.7). y>* 

26.2-2 v > 

In Figure 26.1(b), what is tneikpw across the cut ({s, v 2 , v 4 } , {vi, v 3 , ?})? What is 
the capacity of this cut? ^ ^ 

26.2-3 • > 

Show the execution of the EdmondQtarp algorithm on the flow network of Fig- 
ure 26.1(a). y 

26.2-4 G Q 

In the example of Figure 26.6, what is the imjjmum cut corresponding to the max- 
imum flow shown? Of the augmenting paths appearing in the example, which one 
cancels flow? q 

26.2-5 

Recall that the construction in Section 26.1 that converts a flow network with mul- 
tiple sources and sinks into a single-source, single-sinl^nfetwork adds edges with 
infinite capacity. Prove that any flow in the resulting ne@Ork has a finite value 
if the edges of the original network with multiple sources\S)d sinks have finite 
capacity. 

26.2-6 

Suppose that each source 5, in a flow network with multiple sources and sinks 
produces exactly p t units of flow, so that ^2 veV f(Si, v) = p t . Suppose also 
that each sink tj consumes exactly qj units, so that ^, veV f(v,tj) = qj, where 
Y2i Pi = Ylj 1j- Show how to convert the problem of finding a flow / that obeys 
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these additional constraints into the problem of finding a maximum flow in a single- 
source, single-sink flow network. 

ye Lemma 26.2. 




26\ . 

Supp($^ that we redefine the residual network to disallow edges into s. Argue that 
the pro<£|dure FORD-FULKERSON still correctly computes a maximum flow. 

V 

26.2-9 \ < >' 

Suppose that bd*th / and /' are flows in a network G and we compute flow /' f /'. 
Does the augirfarrted flow satisfy the flow conservation property? Does it satisfy 
the capacity constraint? 

26.2-10 Y** 

Show how to find a maximum flow in a network G = (V, E) by a sequence of at 
most | E | augmenting \}&m§SCHint: Determine the paths after finding the maximum 
flow.) O 

26.2-11 

The edge connectivity of an undi*e6ted graph is the minimum number k of edges 
that must be removed to disconnect"!!)^ graph. For example, the edge connectivity 
of a tree is 1, and the edge connectrVity. of a cyclic chain of vertices is 2. Show 
how to determine the edge connectivrrjyef' an undirected graph G = ( V, E) by 
running a maximum-flow algorithm orKSTt most \V\ flow networks, each having 
0(V) vertices and 0(E) edges. 

26.2-12 O 

Suppose that you are given a flow network Gf!ji?nd G has edges entering the 
source s. Let / be a flow in G in which one of the e^lges (v, s) entering the source 
has f(v,s) = 1. Prove that there must exist anothei^flpw /'with f'(y,s) = 0 
such that \ f\ = \f'\. Give an 0(£')-time algorithm to ^Bmpute /', given /, and 
assuming that all edge capacities are integers. 

26.2-13 

Suppose that you wish to find, among all minimum cuts in a flow network G with 
integral capacities, one that contains the smallest number of edges. Show how to 
modify the capacities of G to create a new flow network G' in which any minimum 
cut in G' is a minimum cut with the smallest number of edges in G. 



732 Chapter 26 Maximum Flow 



26.3 Maximum bipartite matching 

"l^phie combinatorial problems can easily be cast as maximum-flow problems. The 
mifi^ple-source, multiple-sink maximum-flow problem from Section 26.1 gave us 
one sample. Some other combinatorial problems seem on the surface to have little 
to do flow networks, but can in fact be reduced to maximum-flow problems. 
This secti(S^ presents one such problem: finding a maximum matching in a bipartite 
graph. In ofHer to solve this problem, we shall take advantage of an integrality 
property prd^icjetl by the Ford-Fulkerson method. We shall also see how to use 
the Ford-Fulker^dn method to solve the maximum-bipartite-matching problem on 
a graph G = (F*E^n 0(VE) time. 

o 

The maximum-bipar^e*-matching problem 

Given an undirected grap^G = (V, E), a matching is a subset of edges M C E 
such that for all vertices V, at most one edge of M is incident on v. We 
say that a vertex v e V is patched by the matching M if some edge in M is 
incident on v ; otherwise, v is ^matched. A maximum matching is a matching 
of maximum cardinality, that is, ^ matching M such that for any matching M', 
we have \M\ > \M'\. In this sect™), we shall restrict our attention to finding 
maximum matchings in bipartite grar^h^: graphs in which the vertex set can be 
partitioned into V = L U R, where ^pd R are disjoint and all edges in E 
go between L and R. We further assume(That every vertex in V has at least one 
incident edge. Figure 26.8 illustrates the ifrxkm of a matching in a bipartite graph. 

The problem of finding a maximum matcpiftg in a bipartite graph has many 
practical applications. As an example, we mighYpensider matching a set L of ma- 
chines with a set R of tasks to be performed simuftaja^ously. We take the presence 
of edge (u, v) in E to mean that a particular machine u € L is capable of per- 
forming a particular task v e R. A maximum matching provides work for as many 

machinesaspossible - \ 

Finding a maximum bipartite matching 

We can use the Ford-Fulkerson method to find a maximum matching in an undi- 
rected bipartite graph G = (V, E) in time polynomial in | V\ and \E\. The trick is 
to construct a flow network in which flows correspond to matchings, as shown in 
Figure 26.8(c). We define the corresponding flow network G' = (V, E') for the 
bipartite graph G as follows. We let the source s and sink t be new vertices not 
in V, and we let V = V U {s, t}. If the vertex partition of G is V = L U R, the 
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(c) 



Figure 26.8 A bipartite^granh G = (V, E) with vertex partition V = L U R. (a) A matching 
with cardinality 2, indicated(by shaded edges, (b) A maximum matching with cardinality 3. (c) The 
corresponding flow network C^xifh a maximum flow shown. Each edge has unit capacity. Shaded 
edges have a flow of 1, and all oth^edges carry no flow. The shaded edges from LtoR correspond 
to those in the maximum matching ^™ (^)- 

directed edges of G' are the edgSspf E, directed from L to R, along with \ V\ new 
directed edges: VJ » 

E' = {{s, u) : u e L} U {(u, v) : (ufv^y E} U {(v, t) : v e R} . 

To complete the construction, we assigr^jtait capacity to each edge in E'. Since 
each vertex in V has at least one incident e^e, \E\ > \ V\ /2. Thus, \E\ < \E'\ = 
\E\ + \V\ < 3|£|,andso \E'\ = ®(E). ^ 

The following lemma shows that a matching $ft)G corresponds directly to a flow 
in G's corresponding flow network G'. We say ^&t a flow / on a flow network 
G = (V, E) is integer-valued if f{u, v) is an integer for all (u, v) e V x V. 

Lemma 26.9 

Let G = (V, E) be a bipartite graph with vertex parti trophy = L U R, and let 
G' = (V , E') be its corresponding flow network. If M is>a matching in G, then 
there is an integer- valued flow / in G' with value \ f\ = \M\. Conversely, if / 
is an integer-valued flow in G', then there is a matching M in G with cardinality 
\M\ = \f\. 



Proof We first show that a matching M in G corresponds to an integer-valued 
flow / in G'. Define / as follows. If (u,v) € M, then f(s,u) = f(u,v) = 
f(v, t) = 1. For all other edges (u, v) e E', we define f(u, v) = 0. It is simple 
to verify that / satisfies the capacity constraint and flow conservation. 
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Intuitively, each edge (u, v) e M corresponds to one unit of flow in G' that 
traverses the path s u —>■ v t. Moreover, the paths induced by edges in M 
\jare vertex-disjoint, except for s and t. The net flow across cut (L U {s} , R U {t}) 
■is^qual to | M | ; thus, by Lemma 26.4, the value of the flow is \ f\ = \M\. 
(F£) prove the converse, let / be an integer-valued flow in G' , and let 

M v) : u € L, v € R, and f(u, v) > 0} . 

Each ver^ u e L has only one entering edge, namely (s, u), and its capacity 
is 1 . Thus,x<eiteh u e L has at most one unit of flow entering it, and if one unit of 
flow does erfter}t>y flow conservation, one unit of flow must leave. Furthermore, 
since / is integ£J*yalued, for each u € L, the one unit of flow can enter on at most 
one edge and cafQaave on at most one edge. Thus, one unit of flow enters u if and 
only if there is exactly one vertex v € R such that f(u, v) = 1, and at most one 
edge leaving each w^e ^carries positive flow. A symmetric argument applies to 
each v € R. The set MMstfierefore a matching. 

To see that \M\ = \f \ observe that for every matched vertex u € L, we have 
f(s, u) = 1, and for everj^d^e (u, v) € E — M , we have f(u, v) = 0. Conse- 
quently, f(L U {s} , R U {t}\me net flow across cut (LU{j},fiU {?}), is equal 
to |M|. Applying Lemma 26.4,Q: have that | f\ = f (LU {s} , RU {t}) = \M\. ■ 

Based on Lemma 26.9, we wouf^rke to conclude that a maximum matching 
in a bipartite graph G corresponds toN^maximum flow in its corresponding flow 
network G', and we can therefore comp@ a maximum matching in G by running 
a maximum-flow algorithm on C. The^jjiy hitch in this reasoning is that the 
maximum-flow algorithm might return a fl^^in G' for which some f(u,v) is 
not an integer, even though the flow value | fjrf&yist be an integer. The following 
theorem shows that if we use the Ford-Fulkersqrflynefhod, this difficulty cannot 
arise. ^\ 

Theorem 26.10 (Integrality theorem) * ^ 

If the capacity function c takes on only integral values, mea. the maximum flow / 
produced by the Ford-Fulkerson method has the propertWhat \ f\ is an integer. 
Moreover, for all vertices u and v, the value of f(u, v) is an^eger. 

Proof The proof is by induction on the number of iterations. We leave it as 
Exercise 26.3-2. ■ 



We can now prove the following corollary to Lemma 26.9. 
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Corollary 26.11 

The cardinality of a maximum matching M in a bipartite graph G equals the value 
of a maximum flow / in its corresponding flow network G' . 

l&aof We use the nomenclature from Lemma 26.9. Suppose that M is a max- 
imum matching in G and that the corresponding flow / in G' is not maximum. 
Thefy^here is a maximum flow /' in G' such that \f'\ > \f\. Since the ca- 
pacitiesxin G' are integer- valued, by Theorem 26.10, we can assume that /' is 
integer-VaWd. Thus, /' corresponds to a matching M' in G with cardinality 
\M'\ — \ \f\ = \M\, contradicting our assumption that M is a maximum 
matching. Ina^imilar manner, we can show that if / is a maximum flow in G', its 
corresponding -platching is a maximum matching on G. ■ 

Thus, given a bipartite undirected graph G, we can find a maximum matching by 
creating the flow net\^o*rk G', running the Ford-Fulkerson method, and directly ob- 
taining a maximum mashing M from the integer-valued maximum flow / found. 
Since any matching in a b^artite graph has cardinality atmostmin(L, R) = 0(V), 
the value of the maximum fl$w in G' is 0(V). We can therefore find a maximum 
matching in a bipartite graph ^time 0(VE') = 0(VE), since \E'\ — &(E). 

Exercises 
26.3-1 

Run the Ford-Fulkerson algorithm on rhe^fiow network in Figure 26.8(c) and show 
the residual network after each flow augj^entation. Number the vertices in L top 
to bottom from 1 to 5 and in R top to bottoorfrom 6 to 9. For each iteration, pick 
the augmenting path that is lexicographicalry'Vsjnallest. 

26.3-2 (A 

Prove Theorem 26. 10. 

26.3-3 

Let G = (V, E) be a bipartite graph with vertex partitioiKK = L U R, and let G' 
be its corresponding flow network. Give a good upper boifgd on the length of any 
augmenting path found in G' during the execution of FORD-FULKERSON. 

26.3-4 ★ 

A perfect matching is a matching in which every vertex is matched. Let G = 
(V, E) be an undirected bipartite graph with vertex partition V = L U R, where 
\L\ — \R\. For any X C V, define the neighborhood of X as 



N(X) = {y e V : (x, y) € E for some x e X} 
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that is, the set of vertices adjacent to some member of X. Prove Hall's theorem: 
, there exists a perfect matching in G if and only if \A\ < |N(^4)| for every subset 

*w * 

We*sa$<:that a bipartite graph G = (V, E), where V = L U R, is d -regular if every 
vertexr'u-e V has degree exactly d. Every J -regular bipartite graph has \L\ = \R\. 
Prove rhaUevery af -regular bipartite graph has a matching of cardinality \L\ by 
arguing thafa minimum cut of the corresponding flow network has capacity \L\. 



★ 26.4 Push-relabel algorithms 

In this section, we present the "push-relabel" approach to computing maximum 
flows. To date, many of<the asymptotically fastest maximum-flow algorithms are 
push-relabel algorithms, aiC^the fastest actual implementations of maximum-flow 
algorithms are based on the j(ush-relabel method. Push-relabel methods also effi- 
ciently solve other flow proble<S§)i such as the minimum-cost flow problem. This 



section introduces Goldberg's "generic" maximum-flow algorithm, which has a 
simple implementation that runs verQ{V 2 E) time, thereby improving upon the 
0(VE 2 ) bound of the Edmonds-Karp^argorifhm. Section 26.5 refines the generic 
algorithm to obtain another push-relabel^irlgorithm that runs in 0(V 3 ) time. 

Push-relabel algorithms work in a m<wg localized manner than the Ford- 
Fulkerson method. Rather than examine trreei(tf ire residual network to find an aug- 
menting path, push-relabel algorithms work OTL-fene vertex at a time, looking only 
at the vertex's neighbors in the residual net\vorKr>Furthermore, unlike the Ford- 
Fulkerson method, push-relabel algorithms do not-rpaintain the flow-conservation 
property throughout their execution. They do, however, maintain a preflow, which 
is a function / : V x V — > K that satisfies the capacity*constraint and the following 
relaxation of flow conservation: \» * 

£/(v,lO-£/(ll,v)>0 

for all vertices u e V — {s}. That is, the flow into a vertex may exceed the flow 
out. We call the quantity 

«(") = S/(v,u)-J^/(w,v) (26.14) 

veV vsV 

the excess flow into vertex u. The excess at a vertex is the amount by which the 
flow in exceeds the flow out. We say that a vertex u S V — {s, t} is overflowing if 
e(u) > 0. 
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We shall begin this section by describing the intuition behind the push-relabel 
method. We shall then investigate the two operations employed by the method: 
"pushing" preflow and "relabeling" a vertex. Finally, we shall present a generic 
v^nush-relabel algorithm and analyze its correctness and running time. 

\a 

Intuition 

You caa-understand the intuition behind the push-relabel method in terms of fluid 
flows: we^onsider a flow network G = (V, E) to be a system of interconnected 
pipes of given,capacities. Applying this analogy to the Ford-Fulkerson method, 
we might say that each augmenting path in the network gives rise to an additional 
stream of fluia^Avith no branch points, flowing from the source to the sink. The 
Ford-Fulkerson lod iteratively adds more streams of flow until no more can be 
added. O 

The generic push^Label algorithm has a rather different intuition. As before, 
directed edges corresp^^nH to pipes. Vertices, which are pipe junctions, have two 
interesting properties. Fi<^J> to accommodate excess flow, each vertex has an out- 
flow pipe leading to an arbitrarily large reservoir that can accumulate fluid. Second, 
each vertex, its reservoir, and (SJ)its pipe connections sit on a platform whose height 
increases as the algorithm progresses. 

Vertex heights determine how fl^/ is pushed: we push flow only downhill, that 
is, from a higher vertex to a lower vert^>c. The flow from a lower vertex to a higher 
vertex may be positive, but operations-that push flow push it only downhill. We 
fix the height of the source at \ V\ and mp-height of the sink at 0. All other vertex 
heights start at 0 and increase with timeN-?rikalgorithm first sends as much flow as 
possible downhill from the source toward memik. The amount it sends is exactly 
enough to fill each outgoing pipe from the ^owce to capacity; that is, it sends the 
capacity of the cut (s, V — {s}). When flow fifwanters an intermediate vertex, it 
collects in the vertex's reservoir. From there, we wentually push it downhill. 

We may eventually find that the only pipes that* leave a vertex u and are not 
already saturated with flow connect to vertices that a(g\m the same level as u or 
are uphill from u. In this case, to rid an overflowing vert©u of its excess flow, we 
must increase its height— an operation called "relabelingv^ertex u. We increase 
its height to one unit more than the height of the lowest of its neighbors to which 
it has an unsaturated pipe. After a vertex is relabeled, therefore, it has at least one 
outgoing pipe through which we can push more flow. 

Eventually, all the flow that can possibly get through to the sink has arrived there. 
No more can arrive, because the pipes obey the capacity constraints; the amount of 
flow across any cut is still limited by the capacity of the cut. To make the preflow 
a "legal" flow, the algorithm then sends the excess collected in the reservoirs of 
overflowing vertices back to the source by continuing to relabel vertices to above 
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the fixed height \ V\ of the source. As we shall see, once we have emptied all the 
reservoirs, the preflow is not only a "legal" flow, it is also a maximum flow. 

TJie basic operations 

Frof^fcfte preceding discussion, we see that a push-relabel algorithm performs two 
basic 'Numerations: pushing flow excess from a vertex to one of its neighbors and 
relabelmg^a vertex. The situations in which these operations apply depend on the 
heights oNw?rtices, which we now define precisely. 

Let G =*\VyM) be a flow network with source s and sink t, and let / be a 
preflow in G\ A function h : V —> N is a height function 3 if h(s) = \V\, 
h{t) = 0, and V 

h(u) < h(v) + 1 ^\ 

for every residual edgeX^,^) e Ef. We immediately obtain the following lemma. 
Lemma 26.12 <i> 

Let G = (V, E) be a flow ne^ork, let / be a preflow in G, and let h be a height 
function on V. For any two ve^es u, v e V, if h(u) > h(v) + 1, then (u, v) is 
not an edge in the residual network. ■ 

The push operation \ 

The basic operation Push(m, v ) applies (Q^ is an overflowing vertex, c/(u, v) > 0, 
and h(u) = h(v) + l. The pseudocode be^^updates the preflow / and the excess 
flows for u and v. It assumes that we can ^^lpute residual capacity C/(u, v) in 
constant time given c and /. We maintain tf^e^cess flow stored at a vertex u as 
the attribute u.e and the height of u as the attribuf§)w./z. The expression A/(w, v) 
is a temporary variable that stores the amount of flow^&iat we can push from u to v. 



3 In the literature, a height function is typically called a "distance funcfi/JnS' and the height of a vertex 
is called a "distance label." We use the term "height" because it is mof^gkggestive of the intuition 
behind the algorithm. We retain the use of the term "relabel" to refer to tfi^tperation that increases 
the height of a vertex. The height of a vertex is related to its distance from the sink t, as would be 
found in a breadth-first search of the transpose G T . 
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Push(m, v) 

1 // Applies when: u is overflowing, C/(u, v) > 0, and u.h = v.h+ 1. 
// Action: Push A/(u, v) = min(u.e, c/(u, v)) units of flow from u to v. 
\2 Af(u,v) = mm(u.e,Cf{u,v)) 
4$>if>(u,v) e E 

5 (u,v).f = (u,v).f+A f (u,v) 

6 e^)(v, u).f = (v, u).f — Af(u, v) 
1 u.e(^ u.e — Af(u,v) 

8 v.e =^).<? + A/(w, v) 

V' 

The code forP^SH operates as follows. Because vertex u has a positive excess u.e 
and the residuafi capacity of (u, v) is positive, we can increase the flow from u to v 
by Af(u, v) = rmrp^.e, c/(u, v)) without causing u.e to become negative or the 
capacity c(u, v) towe exceeded. Line 3 computes the value A/(u, v), and lines 4-6 
update /. Line 5 incfea&es the flow on edge (u, v), because we are pushing flow 
over a residual edge that is also an original edge. Line 6 decreases the flow on 
edge (v,u), because the^sidual edge is actually the reverse of an edge in the 
original network. Finally, r£pes 7-8 update the excess flows into vertices u and v. 
Thus, if / is a preflow before(JbsH is called, it remains a preflow afterward. 

Observe that nothing in the ccdeJbr PUSH depends on the heights of u and v, 
yet we prohibit it from being invo^ejj unless u.h = v.h+ 1. Thus, we push excess 
flow downhill only by a height diff^ntial of 1. By Lemma 26.12, no residual 
edges exist between two vertices who(SB) heights differ by more than 1, and thus, 
as long as the attribute h is indeed a he(ght function, we would gain nothing by 
allowing flow to be pushed downhill by abetght differential of more than 1 . 

We call the operation Push(u, v) a pus^i^m u to v. If a push operation ap- 
plies to some edge (u, v) leaving a vertex u, wesalso say that the push operation 
applies to u. It is a saturating push if edge (u, vTi^the residual network becomes 
saturated (Cf(u,v) = 0 afterward); otherwise, iris a nonsaturating push. If an 
edge becomes saturated, it disappears from the residuaLnetwork. A simple lemma 
characterizes one result of a nonsaturating push. v q 

Lemma 26.13 ^? 

After a nonsaturating push from u to v, the vertex u is no longer overflowing. 

Proof Since the push was nonsaturating, the amount of flow A/(u, v) actually 
pushed must equal u . e prior to the push. Since u . e is reduced by this amount, it 
becomes 0 after the push. ■ 
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The relabel operation 

The basic operation Relabel (u) applies if u is overflowing and if u.h < v.h for 
•^Ml edges (u, v) e Ef. In other words, we can relabel an overflowing vertex u if 
fop every vertex v for which there is residual capacity from u to v, flow cannot be 
putted from u to v because v is not downhill from u. (Recall that by definition, 
neitn,eKthe source s nor the sink t can be overflowing, and so s and t are ineligible 
for relateeJing.) 



RELABEr^t) 

1 // Applies when: u is overflowing and for all v € V such that (u, v) e Ef, 

we have u.h < v.h. 

2 II Action: Increase the height of u. 

3 u.h = 1 + mm>{j^/i : (u, v) € Ef} 

When we call the opesa^on Relabel(w), we say that vertex u is relabeled. Note 
that when u is relabeled^ 1 / must contain at least one edge that leaves u, so that 
the minimization in the codecs over a nonempty set. This property follows from 
the assumption that u is over^otving, which in turn tells us that 

u.e = f(v, u)~J2 /("• ^ 0 • 

Since all flows are nonnegative, we^rwist therefore have at least one vertex v such 
that (v,u).f > 0. But then, cy(w, v)\£ 0, which implies that (w, v) e Ef. The 
operation Relabel(w) thus gives u the(gj)eatest height allowed by the constraints 
on height functions. 

The generic algorithm "<\D 

The generic push-relabel algorithm uses the following subroutine to create an ini- 
tial preflow in the flow network. 

Initialize-Preflow(G, s) 



1 for each vertex v e G.V 

2 v.h = 0 

3 v.e = 0 

4 for each edge (u, v) € G.E 

5 (u,v).f = 0 

6 s.h = \G.V\ 

7 for each vertex v e s.Adj 

8 (s,v).f = c(s,v) 

9 v.e = c(s, v) 

10 s.e = s.e — c{s, v) 
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Initialize-Preflow creates an initial preflow / denned by 

&fr,v).f=\ m ' V) ifU = S ' (26.15) 

otherwise . 




raLks, we fill to capacity each edge leaving the source s, and all other edges carry 
no ,< f|0w. For each vertex v adjacent to the source, we initially have v.e = c(s, v), 
and \^)initialize s.e to the negative of the sum of these capacities. The generic 
algorith^also begins with an initial height function h, given by 

u.h=\^\> AfU = S ' (26.16) 
| 0 ^^herwise . 

Equation (26.16VSfefines a height function because the only edges (u, v) for which 
u.h > v.h + 1 ar^those for which u = s, and those edges are saturated, which 
means that they are ft^ in the residual network. 

Initialization, follower- by a sequence of push and relabel operations, executed 
in no particular order, yia^> the Generic-Push-Relabel algorithm: 

Generic-Push-Relabel^^ 

1 Initialize-Preflow (G, 

2 while there exists an applicable^joush or relabel operation 



3 select an applicable push or,reM>el operation and perform it 

The following lemma tells us that as lent as an overflowing vertex exists, at least 
one of the two basic operations applies.\>^^ 

Lemma 26.14 (An overflowing vertex can bj^jther pushed or relabeled) 

Let G = (V, E) be a flow network with sourd^) and sink t, let / be a preflow, 
and let h be any height function for /. If u is any (t&erfl owing vertex, then either a 
push or relabel operation applies to it. , 

o 

Proof For any residual edge (w, v), we have h(u) ±(it^v) + 1 because h is a 
height function. If a push operation does not apply to aH^nverflowing vertex u, 
then for all residual edges (u, v), we must have h(u) < h^v) + 1, which implies 
h(u) < h(v). Thus, a relabel operation applies to u. m 



Correctness of the push-relabel method 

To show that the generic push-relabel algorithm solves the maximum-flow prob- 
lem, we shall first prove that if it terminates, the preflow / is a maximum flow. 
We shall later prove that it terminates. We stall with some observations about the 
height function h. 
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Lemma 26.15 (Vertex heights never decrease) 

During the execution of the Generic-Push-Relabel procedure on a flow net- 
^work G = (V, E), for each vertex u e V, the height u.h never decreases. More- 
•efwr, whenever a relabel operation is applied to a vertex u, its height u.h increases 
by^least 1. 

Proo^^ecause vertex heights change only during relabel operations, it suffices 
to prove Ae second statement of the lemma. If vertex u is about to be rela- 
beled, then for all vertices v such that (w, v) € Ef, we have u.h < v.h. Thus, 
u.h < 1 + rmih^v.h : (u, v) € £/}, and so the operation must increase u.h. m 

Lemma 26.16 

Let G = (V, E) bfc&flo w network with source s and sink /. Then the execution of 
Generic-Push-RB^abel on G maintains the attribute h as a height function. 

Proof The proof is by (induction on the number of basic operations performed. 
Initially, h is a height functus, as we have already observed. 

We claim that if h is a heigJ&function, then an operation Relabel(m) leaves h 
a height function. If we look residual edge (u, v) e Ef that leaves u, then 
the operation Relabel(w) ensures that u.h < v.h + 1 afterward. Now consider 
a residual edge (w, u) that enters u^&s Lemma 26.15, w.h < u.h + 1 before the 
operation Relabel(m) implies w.rTK^u.h + 1 afterward. Thus, the operation 
Relabel(m) leaves h a height function.^ 

Now, consider an operation PuSH(w, y^yThis operation may add the edge (v, u) 
to Ef, and it may remove (u,v) from^fof. In the former case, we have 
v.h = u.h — 1 < u.h + 1, and so h remainsvlTieight function. In the latter case, 
removing (u,v) from the residual network removes the corresponding constraint, 
and h again remains a height function. " 

The following lemma gives an important property o/ height functions. 

o 

Lemma 26.17 

Let G = (V, E) be a flow network with source s and sinv^L let / be a preflow 
in G, and let h be a height function on V. Then there is no path from the source s 
to the sink t in the residual network Gf. 

Proof Assume for the sake of contradiction that Gf contains a path p from s to t, 
where p = (v 0 , \>\, . . . , Vk), v 0 = s, and v^ = t. Without loss of generality, p 
is a simple path, and so k < \V\. For i = 0, 1, . . . , k — 1, edge (v,-, v (+ i) e Ef. 
Because h is a height function, h(Vj) < /z(v, +1 ) + 1 for i = 0, 1, . . . , k — 1. Com- 
bining these inequalities over path p yields h{s) < h{t) + k. But because h(t) = 0, 
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we have h(s) < k < \ V\, which contradicts the requirement that h(s) = \ V\ in a 
height function. ■ 

y^S We are now ready to show that if the generic push-relabel algorithm terminates, 
''t^preflow it computes is a maximum flow. 

n 26.18 (Correctness of the generic push-relabel algorithm) 

If thexngorifhm Generic-Push-Relabel terminates when run on a flow net- 
work Got, (F, E) with source s and sink t, then the preflow / it computes is a 
maximum^row, for G. 

Proof We uS^he following loop invariant: 

Each time tiie^^iile loop test in line 2 in Generic-Push-Relabel is 
executed, / is irrjpflow. 

Initialization: Initia(jze-Preflow makes / a preflow. 

Maintenance: The only op^i^tions within the while loop of lines 2-3 are push and 
relabel. Relabel operations^affect only height attributes and not the flow values; 
hence they do not affect whether / is a preflow. As argued on page 739, if / is 
a preflow prior to a push opef aritfri, it remains a preflow afterward. 

Termination: At termination, eacrrvphex in V — {s, ?} must have an excess of 0, 
because by Lemma 26. 14 and therin¥ariant that / is always a preflow, there are 
no overflowing vertices. Thereforer^ws a flow. Lemma 26.16 shows that h is 
a height function at termination, ancMWjLLemma 26.17 tells us that there is no 
path from s to t in the residual network^a. By the max-flow min-cut theorem 
(Theorem 26.6), therefore, / is a maxim^uWflow. ■ 

Analysis of the push-relabel method v 

• 

To show that the generic push-relabel algorithm indee<|Tferminates, we shall bound 
the number of operations it performs. We bound separat^ each of the three types 
of operations: relabels, saturating pushes, and nonsaturatkJgVmshes. With knowl- 
edge of these bounds, it is a straightforward problem to construct an algorithm that 
runs in 0(V 2 E) time. Before beginning the analysis, however, we prove an im- 
portant lemma. Recall that we allow edges into the source in the residual network. 

Lemma 26.19 

Let G = (V, E) be a flow network with source s and sink t, and let / be a preflow 
in G. Then, for any overflowing vertex x, there is a simple path from x to s in the 
residual network G/. 
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Proof For an overflowing vertex x, let U = {v : there exists a simple path from x 
to v in G/}, and suppose for the sake of contradiction that s $ U. Let U = V — U. 

We take the definition of excess from equation (26.14), sum over all vertices 
irny, and note that V = U U U, to obtain 

ueU 

%:(e/o^)-e 

= Xtffe /(y ' M) + £ /(u ' M) ) " I £ /(M ' v) + S ^ v) ) ) 
= E E%") + E E /(^) - E E /(^) - E E v ) 

ueU veU ^ v« usU vsU ueU veU ueU veU 

= EE/( v f EE/(m). 

We know that the quantity 2Jueu must be positive because e(x) > 0, x € U , 
all vertices other than s have nojfi^gative excess, and, by assumption, s $ U. Thus, 
we have 

E E m )-EE v ) ^ < 26 - 17 ) 

ueU veil ueU veU \ 

All edge flows are nonnegative, and so f«r)equation (26.17) to hold, we must have 
Husu Hvsu /( y ' M ) > 0- Hence, fherejtpbst exist at least one pair of vertices 
u' e U and v' e U with f(v',u') > 0. if /(v',w') > 0, there must be a 
residual edge (u 1 , v'), which means that there*© a simple path from x to v 1 (the 
path x ~* u' -> v'), thus contradicting the dennit^oj^ of U. m 

The next lemma bounds the heights of vertices, and its corollary bounds the 
number of relabel operations that are performed in total^--^ 

Lemma 26.20 



Let G = (V, E) be a flow network with source s and sink f/At any time during 
the execution of Generic-Push-Relabel on G, we have u.h < 2 \ V\ — 1 for all 
vertices u e V. 

Proof The heights of the source s and the sink t never change because these 
vertices are by definition not overflowing. Thus, we always have s.h = \V\ and 
t.h = 0, both of which are no greater than 2 1 V\ — 1. 

Now consider any vertex u e V — {s, t}. Initially, u.h = 0 < 2\V\ — 1. We shall 
show that after each relabeling operation, we still have u . h < 2 \ V\ — 1 . When u is 
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relabeled, it is overflowing, and Lemma 26.19 tells us that there is a simple path p 
from u to s in G/. Let p = (v 0 , Vi, . . . , Vk), where v 0 = u, v& = s, and k < \ V\— 1 
^\ because /? is simple. For i = 0, l,...,k — 1, we have (v,, v, +1 ) 6 £/, and 
v^pierefore, by Lemma 26.16, v, ./i < v i+ i.h + 1. Expanding these inequalities over 
- yields u.h = v a .h < v k .h + k <s.h + (\V\- 1) = 2\V\ - 1. ■ 



Coro§a^w26.21 (Bound on relabel operations) 
Let G ^XK' ^ ^ e a ^ ow networ k w ith source 5 and sink t. Then, during the 
execution or Generic-Push-Relabel on G, the number of relabel operations is 
at most 2 | Vf-A per vertex and at most (2 | V\ - 1)(| V\ - 2) < 2 | K| 2 overall. 

Proof Only th$JV| — 2 vertices in V — {s, t} may be relabeled. Letu € V — {s,t}. 
The operation Relabel (u) increases u.h. The value of u.h is initially 0 and by 
Lemma 26.20, it greats' to at most 2\V\ — 1. Thus, each vertex u e V — {s, t} 
is relabeled at most 2n^\ — 1 times, and the total number of relabel operations 
performed is at most (2] H>- l)(|t / |-2)<2|F| 2 . ■ 

6 

Lemma 26.20 also helps bound the number of saturating pushes. 
Lemma 26.22 (Bound on saturating pushes) 

During the execution of GENERre^uSH-RELABEL on any flow network G = 
(V, E), the number of saturating pu&Jes^is less than 2 \ V\ \E\. 

Proof For any pair of vertices u , v we will count the saturating pushes 

from u to v and from v to u together, callirtgjfchem the saturating pushes between u 
and v. If there are any such pushes, at lea«t^ne of (u, v) and (v, u) is actually 
an edge in E. Now, suppose that a saturatinjQpush from u to v has occurred. 
At that time, v.h = u.h — 1. In order for ano^fer push from u to v to occur 
later, the algorithm must first push flow from v to^w, which cannot happen until 
v.h = u.h + 1. Since u.h never decreases, in ordeivfor v.h = u.h + 1, the 
value of v.h must increase by at least 2. Likewise, u.ftnmist increase by at least 2 
between saturating pushes from v to u. Heights start artMfcnd, by Lemma 26.20, 
never exceed 2 \ V\ — 1, which implies that the number of times any vertex can have 
its height increase by 2 is less than \ V\. Since at least one of u.h and v.h must 
increase by 2 between any two saturating pushes between u and v, there are fewer 
than 2 | V\ saturating pushes between u and v. Multiplying by the number of edges 
gives a bound of less than 2 | V \ \ E\ on the total number of saturating pushes. ■ 



The following lemma bounds the number of nonsaturating pushes in the generic 
push-relabel algorithm. 
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Lemma 26.23 (Bound on nonsaturating pushes) 

During the execution of Generic-Push-Relabel on any flow network G 



\$V. E), the number of nonsaturating pushes is less than 4 \ V\ (\V\ + \E\). 

Pr&(rf Define a potential function 3> = J2v-e(.v)>o v.h. Initially, <I> = 0, and the 
valu^af <1> may change after each relabeling, saturating push, and nonsaturating 
push. y M^ will bound the amount that saturating pushes and relabelings can con- 
tribute ro Ae increase of <I>. Then we will show that each nonsaturating push must 
decrease at least 1 , and will use these bounds to derive an upper bound on the 
number of nemsaturating pushes. 

Let us examine the two ways in which 3> might increase. First, relabeling a 
vertex u increase^5> by less than 2\V\, since the set over which the sum is taken is 
the same and the r^Skbeling cannot increase u 's height by more than its maximum 
possible height, whi^h, by Lemma 26.20, is at most 2 | V\ — 1. Second, a saturating 
push from a vertex u t\^a vertex v increases <E> by less than 2 | V \ , since no heights 
change and only vertex uQwhose height is at most 2 | V \ — 1 , can possibly become 
overflowing. <^> 

Now we show that a nonsedating push from u to v decreases <3> by at least 1 . 
Why? Before the nonsaturatin;j^)ush, u was overflowing, and v may or may not 
have been overflowing. By Leirmia 26.13, u is no longer overflowing after the 
push. In addition, unless v is the s^fiyce, it may or may not be overflowing after 
the push. Therefore, the potential function <E> has decreased by exactly u.h, and it 
has increased by either 0 or v.h. Since/«\/z — v.h = 1, the net effect is that the 
potential function has decreased by at leaSt-k 

Thus, during the course of the algoritftm^the total amount of increase in <& is 
due to relabelings and saturated pushes, ana^Corollary 26.21 and Lemma 26.22 
constrain the increase to be less than (2|f ? ^JF| 2 ) + (2 \V\)(2 \V\ \E\) = 
4|F| 2 (|F| + \E\). Since <3> > 0, the total amoimraf decrease, and therefore the 
total number of nonsaturating pushes, is less than A\v \ 2 (\V\ + \E\). ■ 

• 

Having bounded the number of relabelings, satura^rig pushes, and nonsatu- 
rating push, we have set the stage for the following an@sis of the Generic- 
Push-Relabel procedure, and hence of any algorithm bas^jon the push-relabel 
method. 

Theorem 26.24 

During the execution of Generic-Push-Relabel on any flow network G = 
(V, E), the number of basic operations is 0(V 2 E). 



Proof Immediate from Corollary 26.21 and Lemmas 26.22 and 26.23. 
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Thus, the algorithm terminates after 0(V 2 E) operations. All that remains is 
to give an efficient method for implementing each operation and for choosing an 
^\ appropriate operation to execute. 

y^ollary 26.25 

Thpfs is an implementation of the generic push-relabel algorithm that runs in 
(9(K^5p time on any flow network G = (V, E). 

Proof ^eWcise 26.4-2 asks you to show how to implement the generic algorithm 
with an overhead of 0(V) per relabel operation and 0(1) per push. It also asks 
you to desig^i a data structure that allows you to pick an applicable operation in 
0(1) time. Trt^corollary then follows. ■ 

Exercises v 
26.4-1 (\ 

Prove that, after the procure Initialize-Preflow(G, s) terminates, we have 
s.e < — \f*\, where /* is ^ftiaximum flow for G. 

26.4-2 ® 

Show how to implement the gefleri^ push-relabel algorithm using 0(V) time per 
relabel operation, 0(1) time per pusn^nd 0(1) time to select an applicable oper- 
ation, for a total time of 0(V 2 E). \ 

o 

26.4-3 Q 

Prove that the generic push-relabel algorithjh- spends a total of only 0(VE) time 
in performing all the 0(V 2 ) relabel operaticji^j 

26.4-4 

Suppose that we have found a maximum flow in aMlow network G = (V, E) using 
a push-relabel algorithm. Give a fast algorithm to fifld^aminimum cut in G. 

26.4-5 n 

Give an efficient push-relabel algorithm to find a maximuffWj»atching in a bipartite 
graph. Analyze your algorithm. 

26.4-6 

Suppose that all edge capacities in a flow network G = (V, E) are in the set 
{1,2, ... ,k}. Analyze the running time of the generic push-relabel algorithm in 
terms of \ V\, \E\, and k. (Hint: How many times can each edge support a nonsat- 
urating push before it becomes saturated?) 
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^> 
^ 26.4-7 

, Show that we could change line 6 of Initialize-Preflow to 

^Ujs./z = \G.V\-2 

wir^W affecting the correctness or asymptotic performance of the generic push- 
relabg^algorithm. 



26.4-8 0 

Let 8/(u, i*H)e the distance (number of edges) from u to v in the residual net- 
work G f . Shdw that the Generic-Push-Relabel procedure maintains the 
properties that < \V\ implies u.h < 8/(u,t) and that u.h > \V\ implies 
u.h-\V\ < 8/0^. 

26.4-9 * (\, 

As in the previous exeras& let 8/(u, v) be the distance from u to v in the residual 
network Gf. Show how to modify the generic push-relabel algorithm to maintain 
the property that u.h < |l^implies u.h = 8f{u,t) and that u.h > \V\ implies 
u.h — \ V\ = 8/(u,s). The td£al time that your implementation dedicates to main- 
taining this property should be 

26.4-10 

Show that the number of nonsaturating^ushes executed by the Generic-Push- 
Relabel procedure on a flow networWj = (V, E) is at most A\V\ | £■ | for 

\ 



★ 26.5 The relabel-to-front algorithm 



The push-relabel method allows us to apply the basff; operations in any order at 
all. By choosing the order carefully and managing the network data structure effi- 
ciently, however, we can solve the maximum-flow problemM«£ter than the 0(V 2 E) 
bound given by Corollary 26.25. We shall now examine the^dabel -to-front algo- 
rithm, a push-relabel algorithm whose running time is 0(V 3 ), which is asymptot- 
ically at least as good as 0(V 2 E), and even better for dense networks. 

The relabel-to-front algorithm maintains a list of the vertices in the network. 
Beginning at the front, the algorithm scans the list, repeatedly selecting an over- 
flowing vertex u and then "discharging" it, that is, performing push and relabel 
operations until u no longer has a positive excess. Whenever we relabel a ver- 
tex, we move it to the front of the list (hence the name "relabel-to-front") and the 
algorithm begins its scan anew. 
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The correctness and analysis of the relabel-to-front algorithm depend on the 
notion of "admissible" edges: those edges in the residual network through which 
flow can be pushed. After proving some properties about the network of admissible 
v^odges, we shall investigate the discharge operation and then present and analyze the 
ij^jbel-to-front algorithm itself. 

Adm^ible edges and networks 

If G = is a flow network with source 5 and sink t, f is a preflow in G, and h 

is a heightvfunction, then we say that (u, v) is an admissible edge if C/(u, v) > 0 
and h(u) = VjW) + 1. Otherwise, (u, v) is inadmissible. The admissible network 
is Gf t h — (V, Egf^h), where £/,/, is the set of admissible edges. 

The admissibSynetwork consists of those edges through which we can push flow. 
The following leimpa shows that this network is a directed acyclic graph (dag). 

Lemma 26.26 (The adi^ssible network is acyclic) 

If G = (V, E) is a flow (Tetwork, / is a preflow in G, and h is a height function 
on G, then the admissible neKvork G/j = (V, Ef^) is acyclic. 

Proof The proof is by contradiction. Suppose that G/j contains a cycle p = 
(v 0 , Vi, . . . , Vk), where v 0 = antkk > 0. Since each edge in p is admissible, we 
have h(Vj-i) = h(Vj) + 1 for i =^%2>. . . , k. Summing around the cycle gives 

k k Q) 

5>(v*-i) = £>(vo + i) rx 

= + Q 

i = i ^ 

Because each vertex in cycle p appears once in each of the summations, we derive 
the contradiction that 0 = k. m 

The next two lemmas show how push and relabel opeQions change the admis- 



sible network. 



r^n 



Lemma 26.27 

Let G = (V, E) be a flow network, let / be a preflow in G, and suppose that the 
attribute h is a height function. If a vertex u is overflowing and (u,v) is an ad- 
missible edge, then Push(w, v) applies. The operation does not create any new 
admissible edges, but it may cause (u, v) to become inadmissible. 
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Proof By the definition of an admissible edge, we can push flow from u to v. 
Since u is overflowing, the operation Push(m, v) applies. The only new residual 
•^dge that pushing flow from u to v can create is (v,u). Since v.h = u.h — 1, 
me (v,u) cannot become admissible. If the operation is a saturating push, then 
C/^)vJ = 0 afterward and (u, v) becomes inadmissible. ■ 

LemrtuK2p.28 

Let G — yrCF, E) be a flow network, let / be a preflow in G, and suppose that 
the attribute^ is a height function. If a vertex u is overflowing and there are no 
admissible edge&leaving u, then Relabel (u) applies. After the relabel operation, 



there is at least one admissible edge leaving u , but there are no admissible edges 
entering u. S 



Proof If u is oversowing, then by Lemma 26.14, either a push or a relabel op- 
eration applies to it. there are no admissible edges leaving u, then no flow 
can be pushed from u a so Relabel(w) applies. After the relabel operation, 
u.h = 1 + min{u./i : (w, £/}. Thus, if v is a vertex that realizes the mini- 
mum in this set, the edge (u , ^5ecomes admissible. Hence, after the relabel, there 
is at least one admissible edge l(&!j/ing u. 

To show that no admissible edges enter u after a relabel operation, suppose that 
there is a vertex v such that (v, w)NiS<admissible. Then, v.h = u.h + 1 after the 
relabel, and so v.h > u.h + I just qefjare the relabel. But by Lemma 26.12, no 
residual edges exist between vertices whose heights differ by more than 1 . More- 
over, relabeling a vertex does not change~u*& residual network. Thus, (v, u) is not 
in the residual network, and hence it canri^bkin the admissible network. ■ 

Neighbor lists q 

Edges in the relabel-to-front algorithm are organiz^into "neighbor lists." Given 
a flow network G = (V, E), the neighbor list u.N for a vertex u e V is a singly 
linked list of the neighbors of u in G. Thus, vertex v(ajfcpears in the list u.N if 
(u, v) 6 E or (v, u) e E. The neighbor list u.N contains(e^actly those vertices v 
for which there may be a residual edge (u, v). The attiibvtfpu.N.head points to 
the first vertex in u.N, and v. next-neighbor points to the vertex following v in a 
neighbor list; this pointer is NIL if v is the last vertex in the neighbor list. 

The relabel-to-front algorithm cycles through each neighbor list in an arbitrary 
order that is fixed throughout the execution of the algorithm. For each vertex u, 
the attribute u. current points to the vertex currently under consideration in u.N. 
Initially, u. current is set to u.N. head. 
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Discharging an overflowing vertex 

>. An overflowing vertex u is discharged by pushing all of its excess flow through 
'Admissible edges to neighboring vertices, relabeling u as necessary to cause edges 
vteaying u to become admissible. The pseudocode goes as follows. 




IARGE(m) 

^u.e > 0 

u. cur rent 
==,NIL 
\Relabel(w) 
ifjnirrent = u.N.head 
elseif c?fy,M) > 0 and u.h == v.h + 1 

PusH<(ir, v) 
else u.curreyf — v. next-neighbor 

Figure 26.9 steps throiHm> several iterations of the while loop of lines 1-8, which 
executes as long as vertex w^as positive excess. Each iteration performs exactly 
one of three actions, dependir^Dn the current vertex v in the neighbor list u.N. 

1. If v is NIL, then we have ran off the end of u.N. Line 4 relabels vertex u, 
and then line 5 resets the current Jieighbor of u to be the first one in u.N. 
(Lemma 26.29 below states that > the relabel operation applies in this situation.) 

2. If v is non-NlL and (w, v) is an admissible edge (determined by the test in 
line 6), then line 7 pushes some (or possibly all) of u's excess to vertex v. 

3. If v is non-NlL but (u, v) is inadmissibj^then line 8 advances u. current one 
position further in the neighbor list u.N. q 



Observe that if DISCHARGE is called on an o\<grflowing vertex u, then the last 
action performed by DISCHARGE must be a push from u. Why? The procedure 
terminates only when u.e becomes zero, and neither (fieV relabel operation nor ad- 
vancing the pointer u . current affects the value of u.e. Q 

We must be sure that when Push or Relabel is cali^kby Discharge, the 
operation applies. The next lemma proves this fact. 

Lemma 26.29 

If Discharge calls Push(w, v) in line 7, then a push operation applies to (u, v). 
If Discharge calls Relabel(w) in line 4, then a relabel operation applies to u. 



Proof The tests in lines 1 and 6 ensure that a push operation occurs only if the 
operation applies, which proves the first statement in the lemma. 
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Figure 26.9 Discharging a vertex y. It takes 15 iteratioris-ef the while loop of DISCHARGE to push 
all the excess flow from y . Only the neighbors of y and edges^Q/ me A° w network that enter or leave y 
are shown. In each part of the figure, the number inside each ^r^ex is its excess at the beginning of 
the first iteration shown in the part, and each vertex is shown at its height throughout the part. The 
neighbor list y.N at the beginning of each iteration appears on trie tight, with the iteration number 
on top. The shaded neighbor is y. current, (a) Initially, there are 19vunits of excess to push from v, 
and y .current = s. Iterations 1, 2, and 3 just advance y. current, since(thj)re are no admissible edges 
leaving y. In iteration 4, y .current = NIL (shown by the shading beifla-feelow the neighbor list), 
and so y is relabeled and y .current is reset to the head of the neighbor fist, (b) After relabeling, 
vertex y has height 1. In iterations 5 and 6, edges (y, s) and (y.x) are found to be inadmissible, but 
iteration 7 pushes 8 units of excess flow from y to z ■ Because of the push, v . current does not advance 
in this iteration, (c) Because the push in iteration 7 saturated edge (y,z), it is found inadmissible in 
iteration 8. In iteration 9, y. current = NIL, and so vertex y is again relabeled and y. current is reset. 
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Figure 26.9, continued (d) In iteration 10, (y,s) is inadmissible, but iteration 11 pushes 5 units 
of excess flow from y to x. (e) Because y. current did not advance in iteration 11, iteration 12 
finds (y, x) to be inadmissible. Iteration 13 finds (y, z) inadmissible, and iteration 14 relabels ver- 
tex y and resets y. current, (f) Iteration 15 pushes 6 units of excess flow from y to s. (g) Vertex y 
now has no excess flow, and DISCHARGE terminates. In this example, DISCHARGE both starts and 
finishes with the current pointer at the head of the neighbor list, but in general this need not be the 
case. 
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To prove the second statement, according to the test in line 1 and Lemma 26.28, 
we need only show that all edges leaving u are inadmissible. If a call to 
•^K)I^CHARGE(m) stalls with the pointer u. current at the head of u's neighbor list 
•arM finishes with it off the end of the list, then all of u's outgoing edges are in- 
admissible and a relabel operation applies. It is possible, however, that during a 
call ^eKDlSCHARGE(u), the pointer u. current traverses only part of the list be- 
fore thWgrocedure returns. Calls to DISCHARGE on other vertices may then oc- 
cur, but recurrent will continue moving through the list during the next call to 
Discharge^). We now consider what happens during a complete pass through 
the list, which begins at the head of u.N and finishes with u. current — NIL. Once 
u. cur rent reacxies the end of the list, the procedure relabels u and begins a new 
pass. For the u.oarrent pointer to advance past a vertex v e u.N during a pass, the 
edge (u, v) must be deemed inadmissible by the test in line 6. Thus, by the time 
the pass completes, syerv edge leaving u has been determined to be inadmissible 
at some time during thp pass. The key observation is that at the end of the pass, 
every edge leaving u is stfjll inadmissible. Why? By Lemma 26.21, pushes cannot 
create any admissible edgd^regardless of which vertex the flow is pushed from. 
Thus, any admissible edge m(fsrbe created by a relabel operation. But the vertex u 
is not relabeled during the pas^)ind by Lemma 26.28, any other vertex v that is 
relabeled during the pass (resulting from a call of DISCHARGE (v)) has no entering 
admissible edges after relabeling. 'Bfrk, at the end of the pass, all edges leaving u 
remain inadmissible, which completesthe proof. ■ 

o 

The relabel-to-front algorithm £y 

In the relabel-to-front algorithm, we maintai^jLhnked list L consisting of all ver- 
tices in V — {s, ?}. A key property is that the vertices in L are topologically sorted 
according to the admissible network, as we shall ^ekin the loop invariant that fol- 
lows. (Recall from Lemma 26.26 that the admissibly network is a dag.) 

The pseudocode for the relabel-to-front algorithm* assumes that the neighbor 
lists u.N have already been created for each vertex u. IpUso assumes that u.next 
points to the vertex that follows u in list L and that, as us@, u . next = NIL if u is 
the last vertex in the list. v ^> 
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Relabel-To-Front (G, s, t) 

1 Initialize-Preflow(G,5) 
tsS^ L = G.V - {s, t}, in any order 
^03 for each vertex u € G.V — {s,t} 
(2p . u. current = u.N.head 
^f\^ — L.head 

6 ^ile u ^ nil 

7 ^tyld-height = u.h 

8 ^SCHARGE(w) 

9 ilM^f > old-height 

10 ^rfove u to the front of list L 

11 u — f£ rt^xf 

A 

The relabel-to-frontvalgorithm works as follows. Line 1 initializes the preflow 
and heights to the s^meyvalues as in the generic push-relabel algorithm. Line 2 
initializes the list L tovcontain all potentially overflowing vertices, in any order. 
Lines 3-4 initialize the cyr\ent pointer of each vertex u to the first vertex in u 's 
neighbor list. \ 

As Figure 26.10 illustrates,(^e while loop of lines 6-1 1 runs through the list L, 
discharging vertices. Line 5 makes>it start with the first vertex in the list. Each 
time through the loop, line 8 dis^H^i - ses a vertex u. If u was relabeled by the 
Discharge procedure, line 10 mo^es it to the front of list L. We can determine 
whether u was relabeled by comparin<|^ts height before the discharge operation, 
saved into the variable old-height in UtifV, with its height afterward, in line 9. 
Line 1 1 makes the next iteration of the wMte loop use the vertex following u in 
list L. If line 10 moved u to the front of the Ij^£jhe vertex used in the next iteration 
is the one following u in its new position in the/Kst. 

To show that Relabel-To-Front computes\a^naximum flow, we shall show 
that it is an implementation of the generic pusn-relabel algorithm. First, ob- 
serve that it performs push and relabel operations* only when they apply, since 
Lemma 26.29 guarantees that Discharge performs mem only when they apply. 
It remains to show that when Relabel-To-Front terminates, no basic opera- 
tions apply. The remainder of the correctness argument <f^ies on the following 
loop invariant: 

At each test in line 6 of Relabel-To-Front, list L is a topological sort 
of the vertices in the admissible network G/^ = (V, £/,/,), and no vertex 
before u in the list has excess flow. 

Initialization: Immediately after Initialize-Preflow has been run, s.h = \ V\ 
and v.h = 0 for all v e V — {s}. Since \V\ > 2 (because V contains at 
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Figure 26.10 The action of RELABEL-To-FRONT. (a) A flow network just before the first iteration 
of the while loop. Initially, 26 units of flow leave source s. On the^ight is shown the initial list 
L = (x, y, z), where initially u = x. Under each vertex in list L is its neighbor list, with the current 
neighbor shaded. Vertex x is discharged. It is relabeled to height 1, 5 utiti of excess flow are pushed 
to y, and the 7 remaining units of excess are pushed to the sink t. Beca'u^jv; is relabeled, it moves 
to the head of L, which in this case does not change the structure of L. (a) After x, the next vertex 
in L that is discharged is y. Figure 26.9 shows the detailed action of discharging y in this situation. 
Because y is relabeled, it is moved to the head of L. (c) Vertex x now follows y in L, and so it is 
again discharged, pushing all 5 units of excess flow to t. Because vertex x is not relabeled in this 
discharge operation, it remains in place in list L. 



26.5 The relabel-to-front algorithm 757 




N: 



y x 

s s 

x y 

z z 



N: 



s s 
x y 

z z 



Figure 26.10, continued (d) Since vfrtex^z follows vertex x in L, it is discharged. It is relabeled 
to height 1 and all 8 units of excess fiow'aKe pushed to t. Because z is relabeled, it moves to the 



front of L. (e) Vertex y now follows vertex z and is therefore discharged. But because y has no 
excess, DISCHARGE immediately returns, and ^remains in place in L. Vertex x is then discharged. 
Because it, too, has no excess, DISCHARGE agajji returns, and x remains in place in L. RELABEL- 
To-Front has reached the end of list L and terr@fates. There are no overflowing vertices, and the 
preflow is a maximum flow. 



least s and t), no edge can be admissible. Tqu)s, Efj = 0, and any ordering of 
V — {s, t} is a topological sort of G/^. ^ 

Because u is initially the head of the list L, these are no vertices before it and 
so there are none before it with excess flow. Q 

Maintenance: To see that each iteration of the while loee^maintains the topolog- 
ical sort, we stait by observing that the admissible netwprTt is changed only by 
push and relabel operations. By Lemma 26.27, push operations do not cause 
edges to become admissible. Thus, only relabel operations can create admissi- 
ble edges. After a vertex u is relabeled, however, Lemma 26.28 states that there 
are no admissible edges entering u but there may be admissible edges leaving u. 
Thus, by moving u to the front of L, the algorithm ensures that any admissible 
edges leaving u satisfy the topological sort ordering. 
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To see that no vertex preceding u in L has excess flow, we denote the vertex 
that will be u in the next iteration by u'. The vertices that will precede u' in the 
next iteration include the current u (due to line 11) and either no other vertices 
vQ(if u is relabeled) or the same vertices as before (if u is not relabeled). When u 
rj$> discharged, it has no excess flow afterward. Thus, if u is relabeled during 
tb^xlischarge, no vertices preceding u' have excess flow. If u is not relabeled 
durara the discharge, no vertices before it on the list acquired excess flow during 
this ai^eharge, because L remained topologically sorted at all times during the 
discharge*/ as just pointed out, admissible edges are created only by relabeling, 
not pushing^,* and so each push operation causes excess flow to move only to 
vertices fuNlw down the list (or to s or t). Again, no vertices preceding u' have 
excess flow. ^ _ 

Termination: When^he loop terminates, u is just past the end of L, and so the 
loop invariant ensuresthat the excess of every vertex is 0. Thus, no basic oper- 
ations apply. ^ X 

Analysis \" 

We shall now show that Rela^l-To-Front runs in 0{V 3 ) time on any flow 
network G = (V, E). Since the* algorithm is an implementation of the generic 
push-relabel algorithm, we shall ta© advantage of Corollary 26.21, which pro- 
vides an 0(V) bound on the number stfrclabel operations executed per vertex and 
an 0(V 2 ) bound on the total number of {el)abel operations overall. In addition, Ex- 
ercise 26.4-3 provides an O(VE) bound oi^Jae total time spent performing relabel 
operations, and Lemma 26.22 provides an ^VE) bound on the total number of 
saturating push operations. 

Theorem 26.30 

The running time of Relabel-To-Front on any flow network G = (V, E) 
is 0(y 3 ). • ^ 

Proof Let us consider a "phase" of the relabel-to-front algorithm to be the time 
between two consecutive relabel operations. There are ^(t^^phases, since there 
are 0(V 2 ) relabel operations. Each phase consists of at most \V\ calls to DIS- 
CHARGE, which we can see as follows. If DISCHARGE does not perform a re- 
label operation, then the next call to DISCHARGE is further down the list L, and 
the length of L is less than \ V\. If DISCHARGE does perform a relabel, the next 
call to Discharge belongs to a different phase. Since each phase contains at 
most \ V\ calls to DISCHARGE and there are 0(V 2 ) phases, the number of times 
Discharge is called in line 8 of Relabel-To-Front is 0(V 3 ). Thus, the total 
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work performed by the while loop in Relabel-To-Front, excluding the work 
performed within DISCHARGE, is at most 0{V 3 ). 

We must now bound the work performed within DISCHARGE during the ex- 
V'asution of the algorithm. Each iteration of the while loop within DISCHARGE 
grafforms one of three actions. We shall analyze the total amount of work involved 
in p^forming each of these actions. 

Wa^tart with relabel operations (lines 4-5). Exercise 26.4-3 provides an 0(VE) 
time boimd on all the 0(V 2 ) relabels that are performed. 

Now,\uppose that the action updates the u, current pointer in line 8. This action 
occurs 0(i£egree(w)) times each time a vertex u is relabeled, and 0(V -degree(w)) 
times overall for the vertex. For all vertices, therefore, the total amount of work 
done in advanoina pointers in neighbor lists is 0(VE) by the handshaking lemma 
(Exercise B.4-l)\j\. 

The third type olactipn performed by DISCHARGE is a push operation (line 7). 
We already know tHs^the total number of saturating push operations is 0(VE). 
Observe that if a nonsatSjrating push is executed, Discharge immediately returns, 
since the push reduces thd^fccess to 0. Thus, there can be at most one nonsaturating 
push per call to DlSCHARCK^As we have observed, DISCHARGE is called 0(V 3 ) 
times, and thus the total time ^ent performing nonsaturating pushes is 0(V 3 ). 

The running time of Relabel-To-Front is therefore 0{V 3 + VE), which 
is 0(V 3 ). *A ■ 

Exercises Q 
26.5-1 

Illustrate the execution of RELABEL-To-Fkajstr in the manner of Figure 26. 10 for 
the flow network in Figure 26.1(a). Assume YlWlhe initial ordering of vertices in L 
is (vi, v 2 , v 3 , v 4 ) and that the neighbor lists are^-^ 

ViJV = (s, v 2 ,v 3 ) , . 

v 2 .N = (s, v u v 3 , v 4 ) , 0. 

v 3 .N = (vi,V2,v 4 ,r) , O 

v 4 .N = (v 2 ,v 3 ,t) . ^ 

26.5-2 ★ 

We would like to implement a push-relabel algorithm in which we maintain a first- 
in, first-out queue of overflowing vertices. The algorithm repeatedly discharges the 
vertex at the head of the queue, and any vertices that were not overflowing before 
the discharge but are overflowing afterward are placed at the end of the queue. 
After the vertex at the head of the queue is discharged, it is removed. When the 
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queue is empty, the algorithm terminates. Show how to implement this algorithm 
, to compute a maximum flow in 0(V 3 ) time. 

%W 

Sfyaw that the generic algorithm still works if Relabel updates u.h by sim- 
ply*cpi|iputing u./i = u.h + 1. How would this change affect the analysis of 
Rela^^-To-Front? 

26.5-4 

Show that H\we always discharge a highest overflowing vertex, we can make the 
push-relabel s^thod run in 0(V 3 ) time. 

26.5-5 \^ 

Suppose that at some^int in the execution of a push-relabel algorithm, there exists 
an integer 0 < k |K|»— 1 for which no vertex has v.h = k. Show that all 
vertices with v.h > k are^n the source side of a minimum cut. If such a k exists, 
the gap heuristic updates every vertex v € V — {s} for which v.h > k, to set 
v.h = max(v.h, \ V\ + l).»v that the resulting attribute h is a height function. 
(The gap heuristic is crucial inanaking implementations of the push-relabel method 
perform well in practice.) V* 



Problems 



o 

26-1 Escape problem ^\ 

An nxn grid is an undirected graph consisting^fj rows and n columns of vertices, 
as shown in Figure 26.1 1. We denote the vertex i^r^ie ith row and the y'th column 
by (i , j ). All vertices in a grid have exactly four neigMjors, except for the boundary 
vertices, which are the points (i, j) for which i = \ , i = n, j = 1, or j = n. 

Given m < n 2 stalling points (xi, yi), (x 2 , yi), ■* -A^m, )>m) in the grid, the 
escape problem is to determine whether or not there are^H vertex-disjoint paths 
from the starting points to any m different points on the bmrndary. For example, 
the grid in Figure 26.1 1(a) has an escape, but the grid in Figri^e 26.1 1(b) does not. 

a. Consider a flow network in which vertices, as well as edges, have capacities. 
That is, the total positive flow entering any given vertex is subject to a capacity 
constraint. Show that determining the maximum flow in a network with edge 
and vertex capacities can be reduced to an ordinary maximum-flow problem on 
a flow network of comparable size. 
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(b) 



Figure 26.11 Grid^foj ✓the escape problem. Starting points are black, and other grid vertices are 
white, (a) A grid within escape, shown by shaded paths, (b) A grid with no escape. 

b. Describe an efficient algorithm to solve the escape problem, and analyze its 
running time. \> 

<\ 

26-2 Minimum path cover \y 

A path cover of a directed graph G> = (V, E) is a set P of vertex-disjoint paths 
such that every vertex in V is inched in exactly one path in P . Paths may start 
and end anywhere, and they may be^5i any length, including 0. A minimum path 
cover of G is a path cover containing t@fewest possible paths. 



a^afinir 



a. Give an efficient algorithm to find aNMhimum path cover of a directed acyclic 
graph G = (V,E). (Hint: Assuming tt^. V = {1, 2, ...,«}, construct the 
graph G' = (V, E'), where O 

V = {x 0 ,xi x n }U{y 0 ,y 1 ,... i y n } 

E' = {(x 0 , Xi ) :i eV}U {(yt,y 0 ) : i e V} V {(x t ,yj) : (/,;) e E) , 
and run a maximum-flow algorithm.) 

b. Does your algorithm work for directed graphs that corfu^H cycles? Explain. 



26-3 Algorithmic consulting 

Professor Gore wants to open up an algorithmic consulting company. He has iden- 
tified n important subareas of algorithms (roughly corresponding to different por- 
tions of this textbook), which he represents by the set A = {A lt A 2 , . . . , A n ). In 
each subarea A^, he can hire an expert in that area for dollars. The consulting 
company has lined up a set / = {J lt J 2 , . . . , J m } of potential jobs. In order to 
perform job /, , the company needs to have hired experts in a subset Ri c A of 
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subareas. Each expert can work on multiple jobs simultaneously. If the company 
chooses to accept job /, , it must have hired experts in all subareas in R t , and it will 
■(Cfeake in revenue of /?, dollars. 
V'T'rofessor Gore's job is to determine which subareas to hire experts in and which 



jobsTjo accept in order to maximize the net revenue, which is the total income from 
jobs^accepted minus the total cost of employing the experts. 

Cofisirler the following flow network G. It contains a source vertex s, vertices 
A\ , A 2 , ■ fi\A n , vertices J lt J 2 , . . . , J m , and a sink vertex t. For k = 1, 2 . . . , n, 



the flow network contains an edge (s, Ak) with capacity c(s, Ak) = Ck, and 
for i = \&.,y.,m, the flow network contains an edge with capacity 

c(J it t) — />;Xfw k = 1,2, ... ,n and i = 1,2, ... , m, if A k e R t , then G 
contains an edg&<v^, /,) with capacity c(A k , /,) = oo. 

a. Show that if /, for a finite-capacity cut (S, T) of G, then A k e T for each 
A k e Ri. y>* 

<^ 

b. Show how to determine/Ae maximum net revenue from the capacity of a mini- 
mum cut of G and the grv^ />, values. 

c. Give an efficient algorithm tSletermine which jobs to accept and which experts 
to hire. Analyze the running*timfc of your algorithm in terms of m, n, and 

26-4 Updating maximum flow 

Let G = (V, E) be a flow network withvseu^ce s, sink t, and integer capacities. 
Suppose that we are given a maximum flow 

a. Suppose that we increase the capacity of a si^Je edge (u, v) e E by 1. Give 
an 0(V + £')-time algorithm to update the maximum flow. 

b. Suppose that we decrease the capacity of a single'edge (u, v) e E by 1. Give 
an 0(V + £")-time algorithm to update the maximum^w. 

26-5 Maximum flow by scaling « 

Let G = (V, E) be a flow network with source s, sink t, and an integer capac- 
ity c(u, v) on each edge (u, v) e E. Let C = max( MiV ) 6£ c(u, v). 

a. Argue that a minimum cut of G has capacity at most C \ E \ . 




b. For a given number K, show how to find an augmenting path of capacity at 
least K in 0(E) time, if such a path exists. 
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We can use the following modification of Ford-Fulkerson-Method to com- 
pute a maximum flow in G : 

v^Max-Flow-By-Scaling(G, s, t) 



I^)C = max (UiV)s£ c(u, v) 
2 v^itialize flow / to 0 



3 ^ 2^ C J 



4 wh^ys: > l 

5 \^h*He there exists an augmenting path p of capacity at least K 

6 '\EMgment flow / along p 
1 K =^/2 

8 return / ^\ 

c. Argue that Ma^-FjjOW-By-Scaling returns a maximum flow. 

d. Show that the capadjty of a minimum cut of the residual network G/ is at most 
2K I E I each time lineM>>is executed. 

e. Argue that the inner while(K5pp of lines 5-6 executes 0(E) times for each value 
ofK. 

'•6 

f. Conclude that Max-Flow-By=5q\LING can be implemented so that it runs 
in 0(£ 2 lgC)time. 

26-6 The Hopcroft-Karp bipartite mdtZltwg algorithm 

In this problem, we describe a faster algontkm, due to Hopcroft and Karp, for 
finding a maximum matching in a bipartite graph- The algorithm runs in O(jVE) 
time. Given an undirected, bipartite graph G E), where V = L U R and 

all edges have exactly one endpoint in L, let M he a matching in G. We say that 
a simple path P in G is an augmenting path with»respect to M if it starts at an 
unmatched vertex in L, ends at an unmatched vertexviH R, and its edges belong 
alternately to M and E — M . (This definition of an adghienting path is related 
to, but different from, an augmenting path in a flow netXyOTk.) In this problem, 
we treat a path as a sequence of edges, rather than as a sequence of vertices. A 
shortest augmenting path with respect to a matching M is an augmenting path 
with a minimum number of edges. 

Given two sets A and B , the symmetric difference A © B is defined as (A — B) U 
(B — A), that is, the elements that are in exactly one of the two sets. 
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a. Show that if M is a matching and P is an augmenting path with respect to M , 
then the symmetric difference M © P is a matching and |M©P| = |M| + 1. 

^\ Show that if P lt P 2 Pk are vertex-disjoint augmenting paths with respect 

v^to M, then the symmetric difference M © (Pi U P 2 U • • • U Pk) is a matching 
(^ith cardinality |Mj + fc. 




The g^ijral structure of our algorithm is the following: 

HOPCRO^gARP(G) 

1 M 

2 repeat 

3 let P =~A P , P 2 , . . . , Pk} be a maximal set of vertex-disjoint 

shortest augmenting paths with respect to M 

4 M = M ©<£>! y P 2 U ■ ■ • U P k ) 

5 until P == 0 Y 

6 return M 

The remainder of this profoleYn asks you to analyze the number of iterations in 
the algorithm (that is, the numt^of iterations in the repeat loop) and to describe 
an implementation of line 3. 

'-6 

b. Given two matchings M and M^h>G, show that every vertex in the graph 
G' = (V,M © M*) has degree^jriost 2. Conclude that G' is a disjoint 
union of simple paths or cycles. Argoe that edges in each such simple path 
or cycle belong alternately to M or\^*\ Prove that if \M\ < \M*\, then 
M © M* contains at least \M*\ - \M\ ^ex -disjoint augmenting paths with 
respect to M. x'O 

Let / be the length of a shortest augmenting path witJ-isespect to a matching M, and 
let Pi , P 2 , ■ ■ ■ , Pk be a maximal set of vertex-disjoint augmenting paths of length / 
with respect to M. Let M' = M © (Pi U- • -U P k ), and suppose that P is a shortest 
augmenting path with respect to M'. q 



c. Show that if P is vertex-disjoint from P lt P 2 , . . . , Pk, th^fr P has more than / 
edges. 

d. Now suppose that P is not vertex-disjoint from P 1; P 2 , . . . , Pk- Let ^4 be the 
set of edges (M © AT) © P. Show that ^ = (Pj U P 2 U • • • U P k ) © P and 
that | A | > (^ + 1)/. Conclude that P has more than / edges. 

e. Prove that if a shortest augmenting path with respect to M has / edges, the size 
of the maximum matching is at most \M\ + |K| /(/ + 1). 
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/. Show that the number of repeat loop iterations in the algorithm is at 
, most 2-i/|F|. (Hint: By how much can M grow after iteration number yjFj?) 



Chapter notes 



Give an algorithm that runs in 0(E) time to find a maximal set of vertex- 

"C^sdisjoint shortest augmenting paths Pi,P 2 , Pk for a given matching M. 

V conclude that the total running time of HOPCROFT-KARP is 0(VV E). 



<> 
V 

Ahuja, Magna«tv and Orlin [7], Even [103], Lawler [224], Papadimitriou and Stei- 
glitz [271], ancf^^my'an [330] are good references for network flow and related algo- 
rithms. Goldberg, T&fdos, and Tarjan [139] also provide a nice survey of algorithms 
for network-flow problems, and Schrijver [304] has written an interesting review 
of historical developmep^ in the field of network flows. 

The Ford-Fulkerson method is due to Ford and Fulkerson [109], who originated 
the formal study of manyrafuhe problems in the area of network flow, including 
the maximum-flow and bipartite-matching problems. Many early implementations 
of the Ford-Fulkerson methoolround augmenting paths using breadth-first search; 
Edmonds and Karp [102], and independently Dinic [89], proved that this strategy 
yields a polynomial-time algorifhnQA related idea, that of using "blocking flows," 
was also first developed by Dinic [8^]: Karzanov [202] first developed the idea of 
preflows. The push-relabel method is c@to Goldberg [136] and Goldberg and Tar- 
jan [140]. Goldberg and Tarjan gave an > ^fc' 3 )-time algorithm that uses a queue to 
maintain the set of overflowing vertices, as^fell as an algorithm that uses dynamic 
trees to achieve a running time of 0(VE lg(^r%E + 2)). Several other researchers 
have developed push-relabel maximum-flow afeyithms. Ahuja and Orlin [9] and 
Ahuja, Orlin, and Tarjan [10] gave algorithms th&t used scaling. Cheriyan and 
Maheshwari [62] proposed pushing flow from the overflowing vertex of maximum 
height. Cheriyan and Hagerup [61] suggested randomly permuting the neighbor 
lists, and several researchers [14, 204, 276] developedxtever derandomizations of 
this idea, leading to a sequence of faster algorithms. The^Ugorithm of King, Rao, 
and Tarjan [204] is the fastest such algorithm and runs msO(VE log £ /( Flgy ) V) 
time. 

The asymptotically fastest algorithm to date for the maximum-flow problem, by 
Goldberg and Rao [138], runs in time 0(min(V 2 ^, E 1/2 )E lg(V 2 /E + 2) lg C), 
where C = max (l( ^ 6E c(u, v). This algorithm does not use the push-relabel 
method but instead is based on finding blocking flows. All previous maximum- 
flow algorithms, including the ones in this chapter, use some notion of distance 
(the push-relabel algorithms use the analogous notion of height), with a length of 1 
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assigned implicitly to each edge. This new algorithm takes a different approach and 
assigns a length of 0 to high-capacity edges and a length of 1 to low-capacity edges. 
•^Informally, with respect to these lengths, shortest paths from the source to the sink 
■teral have high capacity, which means that fewer iterations need be performed. 

' "^practice, push-relabel algorithms currently dominate augmenting -path or 
line^^wogramming based algorithms for the maximum-flow problem. A study 
by CHteffcassky and Goldberg [63] underscores the importance of using two heuris- 
tics whenmnplementing a push-relabel algorithm. The first heuristic is to peri- 
odically perform a breadth-first search of the residual network in order to obtain 
more accurate height values. The second heuristic is the gap heuristic, described in 
Exercise 26.5^LX!herkassky and Goldberg conclude that the best choice of push- 
relabel variants mhe one that chooses to discharge the overflowing vertex with the 
maximum height. ^ 

The best algorithm to, date for maximum bipartite matching, discovered by 
Hopcroft and Karp [17^f, runs in 0(y/V E) time and is described in Problem 26-6. 
The book by Lovasz anq PJummer [239] is an excellent reference on matching 
problems. \> 
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Introduction ^ 



This part contains a selector* of algorithmic topics that extend and complement 
earlier material in this book. Some chapters introduce new models of computation 
such as circuits or parallel computers. Others cover specialized domains such as 
computational geometry or numhe^dheory. The last two chapters discuss some of 
the known limitations to the desigiror efficient algorithms and introduce techniques 
for coping with those limitations. \ ^ 

Chapter 27 presents an algorithmic Swjdel for parallel computing based on dy- 
namic multithreading. The chapter intxoduces the basics of the model, showing 
how to quantify parallelism in terms of tfte> measures of work and span. It then 
investigates several interesting multithreade'tfVafcorithms, including algorithms for 
matrix multiplication and merge sorting. K_) 

Chapter 28 studies efficient algorithms for opiating on matrices. It presents 
two general methods— LU decomposition and LUS" decomposition— for solving 
linear equations by Gaussian elimination in 0(« 3 ) tirf^eilt also shows that matrix 
inversion and matrix multiplication can be performed @)ially fast. The chapter 
concludes by showing how to compute a least-squares approximate solution when 
a set of linear equations has no exact solution. 

Chapter 29 studies linear programming, in which we wish to maximize or mini- 
mize an objective, given limited resources and competing constraints. Linear pro- 
gramming arises in a variety of practical application areas. This chapter covers how 
to formulate and solve linear programs. The solution method covered is the sim- 
plex algorithm, which is the oldest algorithm for linear programming. In contrast 
to many algorithms in this book, the simplex algorithm does not run in polynomial 
time in the worst case, but it is fairly efficient and widely used in practice. 
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Chapter 30 studies operations on polynomials and shows how to use a well- 
known signal -processing technique— the fast Fourier transform (FFT)— to multi- 
•^>ly two degree-w polynomials in O(nlgn) time. It also investigates efficient im- 
plementations of the FFT, including a parallel circuit. 

Chapter 31 presents number- theoretic algorithms. After reviewing elementary 
numbers theory, it presents Euclid's algorithm for computing greatest common di- 
visors. /(Next, it studies algorithms for solving modular linear equations and for 
raising oiresnumber to a power modulo another number. Then, it explores an impor- 
tant application of number-theoretic algorithms: the RSA public -key cryptosystem. 
This cryptosystem can be used not only to encrypt messages so that an adversary 
cannot read tnem> but also to provide digital signatures. The chapter then presents 
the Miller-Rabintrandomized primality test, with which we can find large primes 
efficiently— an essential requirement for the RSA system. Finally, the chapter cov- 
ers Pollard's "rho" heuristic for factoring integers and discusses the state of the art 
of integer factorizatioriY* x 

Chapter 32 studies th£problem of finding all occurrences of a given pattern 
string in a given text string^ problem that arises frequently in text-editing pro- 
grams. After examining the (naive approach, the chapter presents an elegant ap- 
proach due to Rabin and Karp^Then, after showing an efficient solution based 
on finite automata, the chapter presents the Knuth-Morris-Pratt algorithm, which 
modifies the automaton-based algoWfhm to save space by cleverly preprocessing 
the pattern. 

Chapter 33 considers a few problerntfSn computational geometry. After dis- 
cussing basic primitives of computationaTgepmetry, the chapter shows how to use 
a "sweeping" method to efficiently deterrrtrnSrwhether a set of line segments con- 
tains any intersections. Two clever algoritlmiHb*vfinding the convex hull of a set of 
points— Graham's scan and Jarvis's march— alscLiUustrate the power of sweeping 
methods. The chapter closes with an efficient algorttjsm for finding the closest pair 
from among a given set of points in the plane. ^ 

Chapter 34 concerns NP-complete problems. Marly interesting computational 
problems are NP-complete, but no polynomial-time algorithm is known for solving 
any of them. This chapter presents techniques for determmmg when a problem is 
NP-complete. Several classic problems are proved to be NP-omftplete: determining 
whether a graph has a hamiltonian cycle, determining whether a boolean formula 
is satisfiable, and determining whether a given set of numbers has a subset that 
adds up to a given target value. The chapter also proves that the famous traveling- 
salesman problem is NP-complete. 

Chapter 35 shows how to find approximate solutions to NP-complete problems 
efficiently by using approximation algorithms. For some NP-complete problems, 
approximate solutions that are near optimal are quite easy to produce, but for others 
even the best approximation algorithms known work progressively more poorly as 
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the problem size increases. Then, there are some problems for which we can invest 
increasing amounts of computation time in return for increasingly better approx- 
^\ imate solutions. This chapter illustrates these possibilities with the vertex-cover 
v'nroblem (unweighted and weighted versions), an optimization version of 3-CNF 
s^f^fiability, the traveling-salesman problem, the set-covering problem, and the 
sutjsw-sum problem. 

'V 



27 • ^Multithreaded Algorithms 

V, 

V 




The vast majority^o£ algorithms in this book are serial algorithms suitable for 
running on a uniprocessor computer in which only one instruction executes at a 
time. In this chapter, Nve^shall extend our algorithmic model to encompass parallel 
algorithms, which can ru^ on a multiprocessor computer that permits multiple 
instructions to execute concurrently. In particular, we shall explore the elegant 
model of dynamic multithreacted algorithms, which are amenable to algorithmic 
design and analysis, as well to efficient implementation in practice. 

Parallel computers— computes with multiple processing units— have become 
increasingly common, and they span jLwide range of prices and performance. Rela- 
tively inexpensive desktop and lapttfgjthm multiprocessors contain a single multi- 
core integrated-circuit chip that house^multiple processing "cores," each of which 
is a full-fledged processor that can acce@ a common memory. At an intermedi- 
ate price/performance point are clusters ^l^ujUt from individual computers— often 
simple PC-class machines— with a dedicated^etwork interconnecting them. The 
highest-priced machines are supercomputers^^hich often use a combination of 
custom architectures and custom networks to dqiftjer the highest performance in 
terms of instructions executed per second. 

Multiprocessor computers have been around, in one form or another, for 
decades. Although the computing community settled* oft.the random-access ma- 
chine model for serial computing early on in the history- pf^computer science, no 
single model for parallel computing has gained as wide ac^pttance. A major rea- 
son is that vendors have not agreed on a single architectural model for parallel 
computers. For example, some parallel computers feature shared memory, where 
each processor can directly access any location of memory. Other parallel com- 
puters employ distributed memory, where each processor's memory is private, and 
an explicit message must be sent between processors in order for one processor to 
access the memory of another. With the advent of multicore technology, however, 
every new laptop and desktop machine is now a shared-memory parallel computer, 
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and the trend appeal's to be toward shared-memory multiprocessing. Although time 
will tell, that is the approach we shall take in this chapter. 

One common means of programming chip multiprocessors and other shared- 
V'niemory parallel computers is by using static threading, which provides a software 
abstraction of "virtual processors," or threads, sharing a common memory. Each 
thr^a maintains an associated program counter and can execute code indepen- 
denffWrof the other threads. The operating system loads a thread onto a processor 
for execution and switches it out when another thread needs to ran. Although the 
operatingstfstem allows programmers to create and destroy threads, these opera- 
tions are coirmoratively slow. Thus, for most applications, threads persist for the 
duration of & computation, which is why we call them "static." 

Unfortunately; programming a shared-memory parallel computer directly using 
static threads is^air&cult and error-prone. One reason is that dynamically parti- 
tioning the work among the threads so that each thread receives approximately 
the same load turns\5utto be a complicated undertaking. For any but the sim- 
plest of applications, th£ programmer must use complex communication protocols 
to implement a schedule£je load-balance the work. This state of affairs has led 
toward the creation of concurrency platforms, which provide a layer of software 
that coordinates, schedules, a(Sj) manages the parallel-computing resources. Some 
concurrency platforms are built as runtime libraries, but others provide full-fledged 
parallel languages with compiler anq runtime support. 

Dynamic multithreaded programmifijp 

One important class of concurrency plal^frtLis dynamic multithreading, which is 
the model we shall adopt in this chapter. Dynajmic multithreading allows program- 
mers to specify parallelism in applications whout worrying about communication 
protocols, load balancing, and other vagaries of-«Jatic-thread programming. The 
concurrency platform contains a scheduler, whica load-balances the computation 
automatically, thereby greatly simplifying the programmer's chore. Although the 
functionality of dynamic-multithreading environmental^ still evolving, almost all 
support two features: nested parallelism and parallel l@ps. Nested parallelism 
allows a subroutine to be "spawned," allowing the calle^io proceed while the 
spawned subroutine is computing its result. A parallel loop is like an ordinary 
for loop, except that the iterations of the loop can execute concurrently. 

These two features form the basis of the model for dynamic multithreading that 
we shall study in this chapter. A key aspect of this model is that the programmer 
needs to specify only the logical parallelism within a computation, and the threads 
within the underlying concurrency platform schedule and load-balance the compu- 
tation among themselves. We shall investigate multithreaded algorithms written for 
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this model, as well how the underlying concurrency platform can schedule compu- 
, tations efficiently. 
^\ Our model for dynamic multithreading offers several important advantages: 

•>r It is a simple extension of our serial programming model. We can describe a 
SnuMthreaded algorithm by adding to our pseudocode just three "concurrency" 
keywords: parallel, spawn, and sync. Moreover, if we delete these concur- 
renoyvkeywords from the multithreaded pseudocode, the resulting text is serial 
pseud^ode for the same problem, which we call the "serialization" of the mul- 
tithreade^Palgorifhm. 

• It provideXjUheoretically clean way to quantify parallelism based on the no- 
tions of "worlr^rid "span." 

• Many multithreaded algorithms involving nested parallelism follow naturally 
from the divide-and^conquer paradigm. Moreover, just as serial divide-and- 
conquer algorithmsMefl^ themselves to analysis by solving recurrences, so do 
multithreaded algoritr 




• The model is faithful to h&k parallel-computing practice is evolving. A grow- 
ing number of concurrency Htetforms support one variant or another of dynamic 
multithreading, including Ciik [51, 118], Cilk++ [71], OpenMP [59], Task Par- 
allel Library [230], and Threading} uilding Blocks [292]. 

Section 27.1 introduces the dynami&^ultifhreading model and presents the met- 
rics of work, span, and parallelism, wh@ we shall use to analyze multithreaded 
algorithms. Section 27.2 investigates how^- multiply matrices with multithread- 
ing, and Section 27.3 tackles the tougher pro^j&m of multithreading merge sort. 

<<£> 

: °x 

27.1 The basics of dynamic multithreading 

• 

We shall begin our exploration of dynamic multithrea^ir^ using the example of 
computing Fibonacci numbers recursively. Recall that th^Jibonacci numbers are 
defined by recurrence (3.22): 

F 0 = 0, 
F\ = \ , 

Ft = Ft-! + for i>2. 



Here is a simple, recursive, serial algorithm to compute the nth Fibonacci number: 
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(Fib(1)) (Fib(O)) 



<b 



Figure 27.1 The tree of recursive procedure instances when computing FlB(6). Each instance of 
FIB with the same argument dfte^fhe same work to produce the same result, providing an inefficient 
but interesting way to compute Ftfiohacci numbers. 



0 



Fib (n) 

1 if n < 1 

return n 
else x = Fib(m — 1) 
y = Fib(m - 2) 
return x + y 



lb 

You would not really want to compute larg^Tjibonacci numbers this way, be- 
cause this computation does much repeated work<\Figure 27.1 shows the tree of 
recursive procedure instances that are created when computing F 6 . For example, 
a call to Fib (6) recursively calls Fib (5) and then Fib^). But, the call to Fib (5) 
also results in a call to Fib (4). Both instances of FmM4 return the same result 
(F 4 = 3). Since the Fib procedure does not memoize, tpe^second call to Fib(4) 
replicates the work that the first call performs. < 

Let T(n) denote the running time of Fib(m). Since FlB(w) contains two recur- 
sive calls plus a constant amount of extra work, we obtain the recurrence 

T(n) = T(n - 1) + T(n - 2) + 0(1) . 

This recurrence has solution T(n) = 0(F„), which we can show using the substi- 
tution method. For an inductive hypothesis, assume that T(n) < aF n — b, where 
a > 1 and b > 0 are constants. Substituting, we obtain 
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T{n) < (aF n _ l -b) + {aF n _ 2 -b) + ®{\) 
= a{F n _ x + F n _ 2 )-2b + ®{\) 



^> = aF n - b - (b - 0(1)) 
< aF n —b 



if ws'choose b large enough to dominate the constant in the 0(1). We can then 
choose(S^large enough to satisfy the initial condition. The analytical bound 

T(n) = 0%) , (27.1) 

where 0 = (1>4- V5)/2 is the golden ratio, now follows from equation (3.25). 
Since F„ grows/£xponentially in n, this procedure is a particularly slow way to 
compute Fibonaccifflumbers. (See Problem 31-3 for much faster ways.) 

Although the FrB J^ocedure is a poor way to compute Fibonacci numbers, it 
makes a good example fsp illustrating key concepts in the analysis of multithreaded 
algorithms. Observe that within Fib(/j), the two recursive calls in lines 3 and 4 to 
Fib (n — 1) and Fib(/i — X), respectively, are independent of each other: they could 
be called in either order, arreKhe computation performed by one in no way affects 
the other. Therefore, the two recursive calls can run in parallel. 

We augment our pseudocodes® indicate parallelism by adding the concurrency 
keywords spawn and sync. Here 4s hew we can rewrite the Fib procedure to use 
dynamic multithreading: \J 

X 

P-Fib(«) Q 

1 if n < 1 Q 

2 return n \§l 

3 else x = spawn P-Fib(« — 1) 

4 y = P-Fib(«-2) Q 

5 sync ^ 

6 return x + y 

Notice that if we delete the concurrency keywords spaCnuand sync from P-Fib, 
the resulting pseudocode text is identical to Fib (other thanS=ejaaming the procedure 
in the header and in the two recursive calls). We define the legalization of a mul- 
tithreaded algorithm to be the serial algorithm that results from deleting the multi- 
threaded keywords: spawn, sync, and when we examine parallel loops, parallel. 
Indeed, our multithreaded pseudocode has the nice property that a serialization is 
always ordinary serial pseudocode to solve the same problem. 

Nested parallelism occurs when the keyword spawn precedes a procedure call, 
as in line 3. The semantics of a spawn differs from an ordinary procedure call in 
that the procedure instance that executes the spawn— the parent— may continue 
to execute in parallel with the spawned subroutine— its child— instead of waiting 
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for the child to complete, as would normally happen in a serial execution. In this 
case, while the spawned child is computing P-Fib(m — 1), the parent may go on 
^\ to compute P-Fib(m — 2) in line 4 in parallel with the spawned child. Since the 
y^-Fm procedure is recursive, these two subroutine calls themselves create nested 
jrafallelism, as do then children, thereby creating a potentially vast tree of subcom- 
pui<af5pns, all executing in parallel. 

ceyword spawn does not say, however, that a procedure must execute con- 
currerTtUr^vifh its spawned children, only that it may. The concurrency keywords 
express imdogical parallelism of the computation, indicating which parts of the 
computation w>ay proceed in parallel. At runtime, it is up to a scheduler to deter- 
mine which suhcomputations actually run concurrently by assigning them to avail- 
able processors'^ the computation unfolds. We shall discuss the theory behind 
schedulers shortly. ^ 

A procedure cannot safely use the values returned by its spawned children until 
after it executes a sy<fx: statement, as in line 5. The keyword sync indicates that 
the procedure must waff as necessary for all its spawned children to complete be- 
fore proceeding to the stla^ment after the sync. In the P-FlB procedure, a sync 
is required before the retuK^statement in line 6 to avoid the anomaly that would 
occur if x and y were sumn^l before x was computed. In addition to explicit 
synchronization provided by the, sync statement, every procedure executes a sync 
implicitly before it returns, thus «n>uring that all its children terminate before it 
does. 

o 

A model for multithreaded execution 



It helps to think of a multithreaded computation— the set of runtime instruc- 
tions executed by a processor on behalf of a < m«mthreaded program— as a directed 
acyclic graph G = (V, E), called a computationMqe. As an example, Figure 27.2 
shows the computation dag that results from computing P-Fib(4). Conceptually, 
the vertices in V are instructions, and the edges in^s represent dependencies be- 
tween instructions, where (u, v) 6 E means that instn@lon u must execute before 
instruction v. For convenience, however, if a chain oQhstructions contains no 
parallel control (no spawn, sync, or return from a spawTv^via either an explicit 
return statement or the return that happens implicitly upon reaching the end of 
a procedure), we may group them into a single strand, each of which represents 
one or more instructions. Instructions involving parallel control are not included 
in strands, but are represented in the structure of the dag. For example, if a strand 
has two successors, one of them must have been spawned, and a strand with mul- 
tiple predecessors indicates the predecessors joined because of a sync statement. 
Thus, in the general case, the set V forms the set of strands, and the set E of di- 
rected edges represents dependencies between strands induced by parallel control. 
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Figure 27.2 A directed acyclic araph representing the computation of P-FlB(4). Each circle rep- 
resents one strand, with black cifeles, representing either base cases or the part of the procedure 
(instance) up to the spawn of P-Figfn — 1) in line 3, shaded circles representing the part of the pro- 
cedure that calls P-Fm(;? — 2) in line d^ft) to the sync in line 5, where it suspends until the spawn of 
P-FlB(« — 1) returns, and white circles' representing the part of the procedure after the sync where 
it sums x and y up to the point where it^etuAs the result. Each group of strands belonging to the 
same procedure is surrounded by a roundesLcectangle, lightly shaded for spawned procedures and 
heavily shaded for called procedures. Spawfyiages and call edges point downward, continuation 
edges point horizontally to the right, and return e<^g^s point upward. Assuming that each strand takes 
unit time, the work equals 17 time units, since there are 17 strands, and the span is 8 time units, since 
the critical path — shown with shaded edges — contHufsiLstrands. 



ancr"Ur«w 



If G has a directed path from strand u to strancru^we say that the two strands are 
(logically) in series. Otherwise, strands u and v krd logically) in parallel. 

We can picture a multithreaded computation as aniag of strands embedded in a 
tree of procedure instances. For example, Figure 27.1*shmvs the tree of procedure 
instances for P-Fib(6) without the detailed structure showing strands. Figure 27.2 
zooms in on a section of that tree, showing the strands thationstitute each proce- 
dure. All directed edges connecting strands run either withirr^Pprocedure or along 
undirected edges in the procedure tree. 

We can classify the edges of a computation dag to indicate the kind of dependen- 
cies between the various strands. A continuation edge (w, u'), drawn horizontally 
in Figure 27.2, connects a strand u to its successor u' within the same procedure 
instance. When a strand u spawns a strand v, the dag contains a spawn edge (u, v), 
which points downward in the figure. Call edges, representing normal procedure 
calls, also point downward. Strand u spawning strand v differs from u calling v 
in that a spawn induces a horizontal continuation edge from u to the strand u' fol- 
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lowing u in its procedure, indicating that u' is free to execute at the same time 
as v, whereas a call induces no such edge. When a strand u returns to its calling 
procedure and x is the strand immediately following the next sync in the calling 
v'nrocedure, the computation dag contains return edge (u,x), which points upward. 
^Computation starts with a single initial strand— the black vertex in the procedure 
labored P-Fm(4) in Figure 27.2— and ends with a single final strand— the white 
verte^fon the procedure labeled P-Fm(4). 

We shall study the execution of multithreaded algorithms on an ideal paral- 
lel computer, which consists of a set of processors and a sequentially consistent 
shared memory. Sequential consistency means that the shared memory, which may 
in reality be^performing many loads and stores from the processors at the same 
time, producesxtne same results as if at each step, exactly one instruction from one 
of the processorsJisjexecuted. That is, the memory behaves as if the instructions 
were executed seqitentiajly according to some global linear order that preserves the 
individual orders in ^(mcb each processor issues its own instructions. For dynamic 
multithreaded computations, which are scheduled onto processors automatically 
by the concurrency platftmh. the shared memory behaves as if the multithreaded 
computation's instructions ^ere interleaved to produce a linear order that preserves 
the partial order of the comp(S^tion dag. Depending on scheduling, the ordering 
could differ from one run of the^ program to another, but the behavior of any exe- 
cution can be understood by assurfrkig that the instructions are executed in some 
linear order consistent with the commutation dag. 

In addition to making assumptions ato^ut semantics, the ideal-parallel-computer 
model makes some performance assumBtipns. Specifically, it assumes that each 
processor in the machine has equal comj5utuig power, and it ignores the cost of 
scheduling. Although this last assumption jjjffl, sound optimistic, it turns out that 
for algorithms with sufficient "parallelism" (nam we shall define precisely in a 
moment), the overhead of scheduling is generaQy^inimal in practice. 

Performance measures * ^ 

We can gauge the theoretical efficiency of a multithread@algorithm by using two 
metrics: "work" and "span." The work of a multithreaded*^mputation is the total 
time to execute the entire computation on one processor. In other words, the work 
is the sum of the times taken by each of the strands. For a computation dag in 
which each strand takes unit time, the work is just the number of vertices in the 
dag. The span is the longest time to execute the strands along any path in the dag. 
Again, for a dag in which each strand takes unit time, the span equals the number of 
vertices on a longest or critical path in the dag. (Recall from Section 24.2 that we 
can find a critical path in a dag G = (V, E) in &(V + E) time.) For example, the 
computation dag of Figure 27.2 has 17 vertices in all and 8 vertices on its critical 
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path, so that if each strand takes unit time, its work is 17 time units and its span 
is 8 time units. 

The actual running time of a multithreaded computation depends not only on 
tf^work and its span, but also on how many processors are available and how 
th^Scheduler allocates strands to processors. To denote the running time of a 
muftjtm-eaded computation on P processors, we shall subscript by P . For example, 
we rnigtA denote the running time of an algorithm on P processors by T P . The 
work is ib^running time on a single processor, or 7\ . The span is the running time 
if we coura^iun each strand on its own processor— in other words, if we had an 
unlimited numher of processors— and so we denote the span by T^. 

The work and^span provide lower bounds on the running time T P of a multi- 
threaded computauc^n on P processors: 

• In one step, an i^t£al parallel computer with P processors can do at most P 
units of work, and thfls in T P time, it can perform at most P Tp work. Since the 
total work to do is 7\^&e have PT P > Ti. Dividing by P yields the work law: 

Tp >Ti/P . (27.2) 

• A P -processor ideal paralle^omputer cannot run any faster than a machine 
with an unlimited number of •jrqcfessors. Looked at another way, a machine 
with an unlimited number of proseJsors can emulate a P -processor machine by 
using just P of its processors. Thu\fthe span law follows: 

o 

7> > 7^ . Q (27.3) 

We define the speedup of a computation on^ processors by the ratio Ti/Tp, 
which says how many times faster the computation is on P processors than 
on 1 processor. By the work law, we have T P j&Ti/P, which implies that 
T\/T P < P. Thus, the speedup on P processorsran be at most P . When the 
speedup is linear in the number of processors, that is* when T^/Tp = ®(P), the 
computation exhibits linear speedup, and when T x / 7> ^ P , we have perfect 
linear speedup. 

The ratio T Y / T x of the work to the span gives the par($elism of the multi- 
threaded computation. We can view the parallelism from three perspectives. As a 
ratio, the parallelism denotes the average amount of work that can be performed in 
parallel for each step along the critical path. As an upper bound, the parallelism 
gives the maximum possible speedup that can be achieved on any number of pro- 
cessors. Finally, and perhaps most important, the parallelism provides a limit on 
the possibility of attaining perfect linear speedup. Specifically, once the number of 
processors exceeds the parallelism, the computation cannot possibly achieve per- 
fect linear speedup. To see this last point, suppose that P > Ti/T^, in which case 
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the span law implies that the speedup satisfies Ti/T P < 7\ / < P . Moreover, 
if the number P of processors in the ideal parallel computer greatly exceeds the 
^\ parallelism— that is, if P JJ> 7\ /T^— then T x /Tp <S P, so that the speedup is 
V'niuch less than the number of processors. In other words, the more processors we 
beyond the parallelism, the less perfect the speedup, 
^f^an example, consider the computation P-Fm(4) in Figure 27.2, and assume 
that < aaEh strand takes unit time. Since the work is 7\ = 17 and the span is T x = 8, 
the pafattelism is Ti/T^ = 17/8 = 2.125. Consequently, achieving much more 
than double, the speedup is impossible, no matter how many processors we em- 
ploy to execute- the computation. For larger input sizes, however, we shall see that 
P-Fib(/2) exhibits substantial parallelism. 

We define tfee /parallel) slackness of a multithreaded computation executed 
on an ideal paralMkxomputer with P processors to be the ratio (Ti/T x )/P = 
Ti/ (PT^o), whichxis u\e factor by which the parallelism of the computation ex- 
ceeds the number of ^focessors in the machine. Thus, if the slackness is less than 1, 
we cannot hope to achieve nerfect linear speedup, because Ti/(PT X ) < 1 and the 
span law imply that the s^p&dup on P processors satisfies T\/T P < T\j T x < P . 
Indeed, as the slackness ses from 1 toward 0, the speedup of the computation 
diverges further and further fi^rjli perfect linear speedup. If the slackness is greater 
than 1 , however, the work per processor is the limiting constraint. As we shall see, 
as the slackness increases from l^Qgood scheduler can achieve closer and closer 
to perfect linear speedup. 

o 

Scheduling 

Good performance depends on more than inimizing the work and span. The 
strands must also be scheduled efficiently onteohe processors of the parallel ma- 
chine. Our multithreaded programming model^provides no way to specify which 
strands to execute on which processors. Instead, we rely on the concurrency plat- 
form's scheduler to map the dynamically unfolding tomputation to individual pro- 
cessors. In practice, the scheduler maps the strands t^katic threads, and the op- 
erating system schedules the threads on the processors @femselves, but this extra 
level of indirection is unnecessary for our understanding*^ scheduling. We can 
just imagine that the concurrency platform's scheduler maps strands to processors 
directly. 

A multithreaded scheduler must schedule the computation with no advance 
knowledge of when strands will be spawned or when they will complete— it must 
operate on-line. Moreover, a good scheduler operates in a distributed fashion, 
where the threads implementing the scheduler cooperate to load-balance the com- 
putation. Provably good on-line, distributed schedulers exist, but analyzing them 
is complicated. 
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Instead, to keep our analysis simple, we shall investigate an on-line centralized 
scheduler, which knows the global state of the computation at any given time. In 
•^particular, we shall analyze greedy schedulers, which assign as many strands to 
fifocessors as possible in each time step. If at least P strands are ready to execute 
dunfjg a time step, we say that the step is a complete step, and a greedy scheduler 
assig^any P of the ready strands to processors. Otherwise, fewer than P strands 
are retidjMo execute, in which case we say that the step is an incomplete step, and 
the scheduler assigns each ready strand to its own processor. 

From the^Ayork law, the best running time we can hope for on P processors 
is T P = T{<f- /Vand from the span law the best we can hope for is 7> = T^. 
The followingMheorem shows that greedy scheduling is provably good in that it 
achieves the sunvof^these two lower bounds as an upper bound. 

Theorem 27.1 

On an ideal parallel c>s(mputer with P processors, a greedy scheduler executes a 
multithreaded computati^rrwith work T\ and span in time 

T P ST./P + T^. C\ (27 .4) 

Proof We stait by considering the complete steps. In each complete step, the 
P processors together perform a total of P work. Suppose for the puipose of 
contradiction that the number of compete steps is strictly greater than [Ti/P\. 
Then, the total work of the complete sterns at least 

P • (Ln/PJ + 1) = P \Ty/P\ + P Q 

= Ti — (T x mod P) (by equation (3.8)) 

> T x , <0(by inequality (3.9)) . 

Thus, we obtain the contradiction that the P processes would perform more work 
than the computation requires, which allows us t(r conclude that the number of 
complete steps is at most [Ti/P \. * ^ 

Now, consider an incomplete step. Let G be the dagj£presenting the entire 
computation, and without loss of generality, assume that-^ach strand takes unit 
time. (We can replace each longer strand by a chain of unit-*pme strands.) Let G' 
be the subgraph of G that has yet to be executed at the start of the incomplete step, 
and let G" be the subgraph remaining to be executed after the incomplete step. A 
longest path in a dag must necessarily start at a vertex with in-degree 0. Since an 
incomplete step of a greedy scheduler executes all strands with in-degree 0 in G', 
the length of a longest path in G" must be 1 less than the length of a longest path 
in G '. In other words, an incomplete step decreases the span of the unexecuted dag 
by 1. Hence, the number of incomplete steps is at most T^. 

Since each step is either complete or incomplete, the theorem follows. ■ 
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The following corollary to Theorem 27.1 shows that a greedy scheduler always 
performs well. 

•SB orollary 27.2 

''TbK running time T P of any multithreaded computation scheduled by a greedy 
scfjgduler on an ideal parallel computer with P processors is within a factor of 2 
of dp^mal. 

Proof Tp be the running time produced by an optimal scheduler on a machine 
with P processors, and let T x and T x be the work and span of the computation, 
respectively\1Since the work and span laws— inequalities (27.2) and (27.3)— give 
us Tp > max(£f/P, T^), Theorem 27.1 implies that 

T P < 7^+^ 

< 2-ma X (T 1 ^>,X) 

< it; . ■ 

The next corollary showsjhat, in fact, a greedy scheduler achieves near-perfect 
linear speedup on any multitr@ided computation as the slackness grows. 



Corollary 273 ^ 

Let Tp be the running time of a mujtitfireaded computation produced by a greedy 
scheduler on an ideal parallel comput^Twith P processors, and let T x and T x be 
the work and span of the computation, respectively. Then, if P <S 7\ / T x , we 
have Tp Ti/P, or equivalently, a sperai^pf approximately P . 




Proof If we suppose that P <$C Ty/T^, then-we also have T x <S Ti/P, and 
hence Theorem 27.1 gives us Tp < T Y /P -r^^, ~ Ti/P. Since the work 
law (27.2) dictates that Tp > Ti/P, we conclude that T P kb Ti/P, or equiva- 
lently, that the speedup is T x / Tp ss P . • ■ 

The <S symbol denotes "much less," but how much ©'much less"? As a rule 
of thumb, a slackness of at least 10— that is, 10 times mdfODarallelism than pro- 
cessors—generally suffices to achieve good speedup. Then, the span term in the 
greedy bound, inequality (27.4), is less than 10% of the work-per-processor term, 
which is good enough for most engineering situations. For example, if a computa- 
tion runs on only 10 or 100 processors, it doesn't make sense to value parallelism 
of, say 1,000,000 over parallelism of 10,000, even with the factor of 100 differ- 
ence. As Problem 27-2 shows, sometimes by reducing extreme parallelism, we 
can obtain algorithms that are better with respect to other concerns and which still 
scale up well on reasonable numbers of processors. 
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Work: T y {A U 5) = 
Span: 7^(4 U B) 



T 1 (A) + T l (B) 
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WorkfT 1 !^ U 5) = 7\04) + 7\(B) 
Span: 7^4 U 5) = 7^04) + 7^(3) 

Figure 27.3 Theywqrk and span of composed subcomputations. (a) When two subcomputations 
are joined in series, the^work of the composition is the sum of their work, and the span of the 
composition is the surtr ojrtheir spans, (b) When two subcomputations are joined in parallel, the 
work of the compositions;emairis the sum of their work, but the span of the composition is only the 
maximum of their spans. \S 

Analyzing multithreaded^aJ&^rithms 

We now have all the tools we nearisto analyze multithreaded algorithms and provide 
good bounds on their running tunes on various numbers of processors. Analyzing 
the work is relatively straightforward^ since it amounts to nothing more than ana- 
lyzing the running time of an ordinary serial algorithm— namely, the serialization 
of the multithreaded algorithm— which vqu should already be familiar with, since 
that is what most of this textbook is about4^Analyzing the span is more interesting, 
but generally no harder once you get the ti&rigrrf it. We shall investigate the basic 
ideas using the P-Fib program. >k 

Analyzing the work 7\(n) of P-FlB(n) posl£svnc> hurdles, because we've already 
done it. The original Fib procedure is essentiall^Z)he serialization of P-FlB, and 
hence T Y (n) = T(n) = 9(</>") from equation (27. lO 

Figure 27.3 illustrates how to analyze the span, if two subcomputations are 
joined in series, their spans add to form the span of tl^eir composition, whereas 
if they are joined in parallel, the span of their compositioi^j^ the maximum of the 
spans of the two subcomputations. For P-FlB(n), the spawne^rcall to P-Fib(« — 1) 
in line 3 runs in parallel with the call to P-Fib(« — 2) in line 4. Hence, we can 
express the span of P-Fib(«) as the recurrence 

T^in) = max(r 00 (n-l),r 00 (n-2)) + ©(l) 
= T^in - 1) + 0(1) , 

which has solution T^in) = &(n). 

The parallelism of P-Fib(w) is 7 1 1 («)/7' 00 («) = ©(</>"/«), which grows dra- 
matically as n gets large. Thus, on even the largest parallel computers, a modest 
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value for n suffices to achieve near perfect linear speedup for P-Fm(n), because 
this procedure exhibits considerable parallel slackness. 

parallel loops 

IVT^W algorithms contain loops all of whose iterations can operate in parallel. As 
we XoaU see, we can parallelize such loops using the spawn and sync keywords, 
but it ><U3iuch more convenient to specify directly that the iterations of such loops 
can run^Wurrently. Our pseudocode provides this functionality via the parallel 
concurrensy keyword, which precedes the for keyword in a for loop statement. 

As an exaropje, consider the problem of multiplying an n x n matrix A = 
by an n -vector^ = (x 7 ). The resulting n -vector y = (j, ) is given by the equation 

y t = 2_a u xj , ^ v. 

for i = 1,2, ... ,n. We ca^Lperform matrix- vector multiplication by computing all 
the entries of y in paraller^tollows: 

MAT-VEC(y4,Jc) 

1 n = A. rows 

2 let y be a new vector of length 

3 parallel for i = 1 to n ^ ^ 

4 Ji = 0 

5 parallel for i = 1 to n ^^rs 

6 for j = 1 to n s\ 

1 y t = yi +a ij x j f\ 

8 return y ^ v 

In this code, the parallel for keywords in lines 3«and 5 indicate that the itera- 
tions of the respective loops may be run concurrently.(~A- compiler can implement 
each parallel for loop as a divide-and-conquer subroutinQsing nested parallelism. 
For example, the parallel for loop in lines 5-7 can be implemented with the call 
MAT-VEC-MAlN-L00P(^,x,y,n, l,n), where the compiler produces the auxil- 
iary subroutine Mat-Vec-Main-Loop as follows: 
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Figure 27.4 A dag representingthe computation of Mat-Vec-Main-Loop(^, x, y, 8, 1, 8). The 
two numbers within each rounded celxangle give the values of the last two parameters (i and (' in 
the procedure header) in the invocario»-/spawn or call) of the procedure. The black circles repre- 
sent strands corresponding to either theMjase case or the part of the procedure up to the spawn of 
Mat-Vec-Main-Loop in line 5; the sh»ded>circles represent strands corresponding to the part of 
the procedure that calls Mat-Vec-Main-Ko^)P in line 6 up to the sync in line 7, where it suspends 
until the spawned subroutine in line 5 returnsiajM the white circles represent strands corresponding 
to the (negligible) part of the procedure after the ^ync up to the point where it returns. 

Mat-Vec-Main-Loop(^,x, y,n,i, i ) ^ 



1 
2 
3 
4 
5 
6 
7 



if/ 



for; 



1 to n 

= y t + (ijj.x, 



«6 



o 



else mid = [(i + i')/2\ 



spawn Mat-Vec-Main-Loop04, x, y, nj,mie§ 
M at-V ec-Main -Loop (A, x,y, n, mid + l,i'y-f-. 
sync 



This code recursively spawns the first half of the iterations of the loop to execute 
in parallel with the second half of the iterations and then executes a sync, thereby 
creating a binary tree of execution where the leaves are individual loop iterations, 
as shown in Figure 27.4. 

To calculate the work T x (n) of M at-Vec on an n x n matrix, we simply compute 
the running time of its serialization, which we obtain by replacing the parallel for 
loops with ordinary for loops. Thus, we have T x (n) = 0(n 2 ), because the qua- 
dratic running time of the doubly nested loops in lines 5-7 dominates. This analysis 
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seems to ignore the overhead for recursive spawning in implementing the parallel 
loops, however. In fact, the overhead of recursive spawning does increase the work 
^\ of a parallel loop compared with that of its serialization, but not asymptotically. 
Vjjo see why, observe that since the tree of recursive procedure instances is a full 
bidary tree, the number of internal nodes is 1 fewer than the number of leaves (see 
Expraise B.5-3). Each internal node performs constant work to divide the iteration 
rang"etfrand each leaf corresponds to an iteration of the loop, which takes at least 
constanirtime (0(«) time in this case). Thus, we can amortize the overhead of re- 
cursive spawning against the work of the iterations, contributing at most a constant 
factor to the averall work. 

As a practical matter, dynamic -multithreading concurrency platforms sometimes 
coarsen the leaves of the recursion by executing several iterations in a single leaf, 
either automaticafly^r under programmer control, thereby reducing the overhead 
of recursive spawmng. This reduced overhead comes at the expense of also reduc- 
ing the parallelism, ^wever, but if the computation has sufficient parallel slack- 
ness, near-perfect linea^speedup need not be sacrificed. 

We must also account fop*he overhead of recursive spawning when analyzing the 
span of a parallel-loop cons(£u\;t. Since the depth of recursive calling is logarithmic 
in the number of iterations, l^)a parallel loop with n iterations in which the ith 
iteration has span iter^i), the sjDan is 

Too(n) = 8(lg«) + max iterooQy) \ 
i<'<« 

For example, for Mat-Vec on an n >Q) matrix, the parallel initialization loop in 
lines 3^1 has span 0(lg n), because the r^ksive spawning dominates the constant- 
time work of each iteration. The span of^Jbe doubly nested loops in lines 5-7 
is 0(«), because each iteration of the outer^^jallel for loop contains n iterations 
of the inner (serial) for loop. The span of th^~t]emaining code in the procedure 
is constant, and thus the span is dominated by tb^eNdoubly nested loops, yielding 
an overall span of 0(n) for the whole procedure. Since the work is 0(« 2 ), the 
parallelism is 0(n 2 )/0(«) = 0(«). (Exercise 27./h6 asks you to provide an 
implementation with even more parallelism.) q 

Race conditions r 

A multithreaded algorithm is deterministic if it always does the same thing on the 
same input, no matter how the instructions are scheduled on the multicore com- 
puter. It is nondeterministic if its behavior might vary from run to run. Often, a 
multithreaded algorithm that is intended to be deterministic fails to be, because it 
contains a "determinacy race." 

Race conditions are the bane of concurrency. Famous race bugs include the 
Therac-25 radiation therapy machine, which killed three people and injured sev- 
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eral others, and the North American Blackout of 2003, which left over 50 million 
people without power. These pernicious bugs are notoriously hard to find. You can 
\^un tests in the lab for days without a failure only to discover that your software 
•sporadically crashes in the field. 

Qfleterminacy race occurs when two logically parallel instructions access the 
sam^memory location and at least one of the instructions performs a write. The 
followl^ procedure illustrates a race condition: 

RACE-EX^>tPLE( ) 

1 x = 0 \ >' 

2 parallel for^*^ 1 to 2 

3 x = x YAs 

4 print x 

After initializing x toX^uUine 1, Race-Example creates two parallel strands, 
each of which increments jc in line 3. Although it might seem that Race- 
Example should always p^rfLthe value 2 (its serialization certainly does), it could 
instead print the value 1. Let^see how this anomaly might occur. 

When a processor increments^, the operation is not indivisible, but is composed 
of a sequence of instructions: 



1. Read x from memory into one orme^processor's registers. 

2. Increment the value in the register. Q 

3. Write the value in the register back into^^in memory. 

Figure 27.5(a) illustrates a computation dag representing the execution of Race- 
Example, with the strands broken down to individual instructions. Recall that 
since an ideal parallel computer supports sequenttal^onsistency, we can view the 
parallel execution of a multithreaded algorithm as an interleaving of instructions 
that respects the dependencies in the dag. Pail (b) of*theLfigure shows the values 
in an execution of the computation that elicits the anomal\L The value x is stored 
in memory, and r x and r 2 are processor registers. In step ^<Jine of the processors 
sets x to 0. In steps 2 and 3, processor 1 reads x from memory into its register rj 
and increments it, producing the value 1 in r\ . At that point, processor 2 comes 
into the picture, executing instructions 4-6. Processor 2 reads x from memory into 
register r 2 ; increments it, producing the value 1 in r 2 ; and then stores this value 
into x, setting x to 1. Now, processor 1 resumes with step 7, storing the value 1 
in r\ into x, which leaves the value of x unchanged. Therefore, step 8 prints the 
value 1 , rather than 2, as the serialization would print. 

We can see what has happened. If the effect of the parallel execution were that 
processor 1 executed all its instructions before processor 2, the value 2 would be 
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step 

1 

2 
3 
4 
5 



(b) 



Figure 27.5 Illustratkjn of the determinacy race in RACE-EXAMPLE, (a) A computation dag show- 
ing the dependencies am^l| individual instructions. The processor registers are r\ and r^- Instruc- 
tions unrelated to the race, as the implementation of loop control, are omitted, (b) An execution 
sequence that elicits the bug, slewing the values of x in memory and registers r\ and ri for each 
step in the execution sequence/V^)^ 

printed. Conversely, if the effect were that processor 2 executed all its instructions 
before processor 1 , the value 2 woulfr still be printed. When the instructions of the 
two processors execute at the same-tlmp, however, it is possible, as in this example 
execution, that one of the updates to\ is lost. 

Of course, many executions do not elicit the bug. For example, if the execution 
order were (1, 2, 3, 7, 4, 5, 6, 8) or (l,\fkr5. 6, 2, 3, 7, 8), we would get the cor- 
rect result. That's the problem with deteririumcy races. Generally, most orderings 
produce correct results— such as any in whietLzhe instructions on the left execute 
before the instructions on the right, or vice ve^L But some orderings generate 
improper results when the instructions interleave^Consequently, races can be ex- 
tremely hard to test for. You can run tests for days #nd never see the bug, only to 
experience a catastrophic system crash in the field wh^rfyhe outcome is critical. 

Although we can cope with races in a variety of wayQncluding using mutual- 
exclusion locks and other methods of synchronization, foi^dur pmposes, we shall 
simply ensure that strands that operate in parallel are independent: they have no 
determinacy races among them. Thus, in a parallel for construct, all the iterations 
should be independent. Between a spawn and the corresponding sync, the code 
of the spawned child should be independent of the code of the parent, including 
code executed by additional spawned or called children. Note that arguments to a 
spawned child are evaluated in the parent before the actual spawn occurs, and thus 
the evaluation of arguments to a spawned subroutine is in series with any accesses 
to those arguments after the spawn. 
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As an example of how easy it is to generate code with races, here is a faulty 
implementation of multithreaded matrix-vector multiplication that achieves a span 
\^%f &(lgn) by parallelizing the inner for loop: 

Mat- Vec -Wrong (A, x) 

1 ^p*y A. rows 

2 letn^be a new vector of length n 

3 parallel for i = 1 to n 

4 

5 parallel>for i = 1 to n 

6 paraHel for j = lion 

7 yi^Yi+atjXj 

8 return y \y 

This procedure is, unfortunately, incorrect due to races on updating y, in line 7, 
which executes concurrently for all n values of j . Exercise 27.1-6 asks you to give 
a correct implementationSvjth 0(lgn) span. 

A multithreaded algoritmatvwith races can sometimes be correct. As an exam- 
ple, two parallel threads might store the same value into a shared variable, and it 
wouldn't matter which stored trieH'alue first. Generally, however, we shall consider 
code with races to be illegal. • > 

As 

A chess lesson Y' 

o 

We close this section with a true story thjp^occurred during the development of 
the world-class multithreaded chess-playing -(pjipgram *Socrates [80], although the 
timings below have been simplified for expo^i^n. The program was prototyped 
on a 32-processor computer but was ultimately to/rtui on a supercomputer with 512 
processors. At one point, the developers incorporate^an optimization into the pro- 
gram that reduced its running time on an important Benchmark on the 32-processor 
machine from = 65 seconds to T^ 2 = 40 secon3s / ^-Yet, the developers used 
the work and span performance measures to conclude tRaJJhe optimized version, 
which was faster on 32 processors, would actually be slowe/ihan the original ver- 
sion on 512 processsors. As a result, they abandoned the "optimization." 

Here is their analysis. The original version of the program had work 7\ = 2048 
seconds and span T x = 1 second. If we treat inequality (27.4) as an equation, 
Tp = Ti/P + 7^, and use it as an approximation to the running time on P pro- 
cessors, we see that indeed T 32 = 2048/32 + 1 = 65. With the optimization, the 
work became T[ = 1024 seconds and the span became 7^ = 8 seconds. Again 
using our approximation, we get T 32 = 1024/32 + 8 = 40. 

The relative speeds of the two versions switch when we calculate the running 
times on 512 processors, however. In particular, we have T 512 = 2048/512+1 = 5 
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seconds, and T$ l2 = 1024/512 + 8 = 10 seconds. The optimization that sped up 
the program on 32 processors would have made the program twice as slow on 512 
processors! The optimized version's span of 8, which was not the dominant term in 
\^me running time on 32 processors, became the dominant term on 512 processors, 
mjjhfying the advantage from using more processors. 

$¥te moral of the story is that work and span can provide a better means of 
extfa^^ating performance than can measured running times. 

27.1-1 \\ 

Suppose that w« spawn P-Fib(« — 2) in line 4 of P-FlB, rather than calling it 
as is done in thfeScode. What is the impact on the asymptotic work, span, and 
parallelism? C 

27.1-2 £ 

Draw the computation da^that results from executing P-Fib(5). Assuming that 
each strand in the computation takes unit time, what are the work, span, and par- 
allelism of the computation? 8hpw how to schedule the dag on 3 processors using 
greedy scheduling by labeling each strand with the time step in which it is executed. 

27.1-3 "6. 

Prove that a greedy scheduler achie^s the following time bound, which is slightly 
stronger than the bound proven in TheG^m 27.1: 

T P < Tl ~/°° + T 00 . (27.5) 

p *6 

27.1-4 0\ 

Construct a computation dag for which one execution of a greedy scheduler can 
take nearly twice the time of another execution of a*greedy scheduler on the same 
number of processors. Describe how the two executions^ajould proceed. 

27.1-5 

Professor Karan measures her deterministic multithreaded algorithm on 4, 10, 
and 64 processors of an ideal parallel computer using a greedy scheduler. She 
claims that the three runs yielded T 4 = 80 seconds, T w = 42 seconds, and 
T 64 = 10 seconds. Argue that the professor is either lying or incompetent. (Hint: 
Use the work law (27.2), the span law (27.3), and inequality (27.5) from Exer- 
cise 27.1-3.) 
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^ 27.1-6 

, Give a multithreaded algorithm to multiply an n x n matrix by an n -vector that 
•^achieves ®(n 2 /\gn) parallelism while maintaining 0(« 2 ) work. 

Consider the following multithreaded pseudocode for transposing an n xn matrix A 
in platf^ 

P-Tran^)Se(^I) 

1 n = A.wws, 

2 parallel far k = 2 to n 

3 paralleTjfor i = 1 to j — 1 

4 exch&j^e^z,; with a,,- 

Analyze the work, span^>and parallelism of this algorithm. 



Suppose that we replace me^jjjjrallel for loop in line 3 of P-TRANSPOSE (see Ex- 
ercise 27.1-7) with an ordi 
of the resulting algorithm. 



ercise 27.1-7) with an ordinary ^r loop. Analyze the work, span, and parallelism 



27.1-9 ^) 

For how many processors do the two\versions of the chess programs run equally 
fast, assuming that T P = T Y / P + T^l Q 

% 

27.2 Multithreaded matrix multiplication 

°6 

In this section, we examine how to multithread matrix multiplication, a problem 
whose serial running time we studied in Section 4.2. •We'll look at multithreaded 
algorithms based on the standard triply nested loop, as wefl as divide-and-conquer 
algorithms. 

Multithreaded matrix multiplication 



The first algorithm we study is the straighforward algorithm based on parallelizing 
the loops in the procedure Square-Matrix-Multiply on page 75: 
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P-Square-Matrix-Multiply(,4, B) 

1 n = A. rows 
% let C be a new n x n matrix 
\^ parallel for i = Hon 
4^) . parallel for j = 1 to n 

5 Cy = 0 

6 for /c = 1 to n 
8 retunr^ 

V* 

To analyze tbis algorithm, observe that since the serialization of the algorithm is 
just Square-Mj^trix-Multiply, the work is therefore simply T x {n) = 0(« 3 ), 
the same as the^rujnning time of Square-Matrix -Multiply. The span is 
TgoQt) — &(n), %>ecause it follows a path down the tree of recursion for the 
parallel for loop stai<fnjL.in line 3 , then down the tree of recursion for the parallel 
for loop stalling in line<4, and then executes all n iterations of the ordinary for loop 
stalling in line 6, resultirig^ri a total span of 0(lg«) + 0(lg«) + 0(/i) = 0(n). 
Thus, the parallelism is QtfP*)/ @(n) = &(n 2 ). Exercise 21.2-3 asks you to par- 
allelize the inner loop to obta(^)a parallelism of &(n 3 / lg n), which you cannot do 
straightforwardly using parallel,for. because you would create races. 

A divide-and-conquer multithreaded algorithm for matrix multiplication 

As we learned in Section 4.2, we carT^miltiply n x n matrices serially in time 
0(n lg7 ) = 0(n 2 Sl ) using Strassen's divrae-and-conquer strategy, which motivates 
us to look at multithreading such an algoritnrn^We begin, as we did in Section 4.2, 
with multithreading a simpler divide-and-conqtrer algorithm. 

Recall from page 77 that the Square-Matre^Multiply-Recursive proce- 
dure, which multiplies two n x n matrices A and & to produce the n x n matrix C , 
relies on partitioning each of the three matrices into«four n/2 x n/2 submatrices: 




a=( a « t 2 V B = (l n « 12 V C 

V A 2l A 22 J \ ±>21 i>22 J 

Then, we can write the matrix product as 

(C u C 12 \ = f A n A 12 \f B n B 12 \ 
V C 2 \ C 2 2 J \ A 21 A 22 J \ B 2i B 22 J 

_ ( A n Bn A n Bi 2 \ ^ ( A i2 B 2 i Ai 2 B 22 \ (27 6) 

\A 2l B n A 2i Bi 2 J \A 22 B 2 i A 22 B 22 J 

Thus , to multiply two nxn matrices , we perform eight multiplications of n / 2 x n / 2 
matrices and one addition of nxn matrices. The following pseudocode implements 
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this divide-and-conquer strategy using nested parallelism. Unlike the Square- 
Matrix -Multiply-Recursive procedure on which it is based, P-Matrix- 
•^Multiply-Recursive takes the output matrix as a parameter to avoid allocating 
■matrices unnecessarily. 

P-M<a<rix-Multiply-Recursive(C, A, B) 

1 n (5) A . rows 

2 if n ^1 

3 Cirf^ flnin 

4 else let , T / £e a new n x n matrix 

5 partiri^H*y4, B, C, and T into n/2 x n/2 submatrices 

Ai\,A^2, A 2 i, A 22 ', Bn, B\2, B 2 i, B 2 2', Cn, C\ 2 , C 2 i, C22; 
and jWr 12 , T 2l ,T 22 ; respectively 

6 spawn P-Mato»ix-Multiply-Recursive(Ch, fi u ) 

7 spawn P-Ma^rk-Multiply-Recursive(Ci 2 , A n , B l2 ) 

8 spawn P-MAmiXyMuLTiPLY-RECURSiVE(C 2 i, A 2 i, B u ) 

9 spawn P-MatrivMultiply-Recursive(C 22 , A 2 i,B l2 ) 

10 spawn P-MATRIX-MULTIPLY-RECURSIVE(r n , A X2 , B 2 i) 

1 1 spawn P-M atrix-M^tiply-Recursive (F 12 ,A 12 , B 22 ) 

12 spawn P-Matrix-Mui»tiply-Recursive(72i, A 2 2, B 2 i) 

13 P-MATRIX-MULTIPLY-R , ©JRSIVE(r22, A 22 , B22) 

14 sync \S 

15 parallel for i = 1 to n Q 

16 parallel for j = I ton £y 

17 c u = cn + Uj <<\ 

Line 3 handles the base case, where we are multipving lxl matrices. We handle 
the recursive case in lines 4-17. We allocate a temporary matrix T in line 4, and 
line 5 partitions each of the matrices A, B, C, and F into n/2 x n/2 submatrices. 
(As with Square-Matrix -Multiply-Recursive* oa-page 77, we gloss over 
the minor issue of how to use index calculations to represent submatrix sections 
of a matrix.) The recursive call in line 6 sets the submatfeeX 1 ! i to the submatrix 
product A n B n, so that Cn equals the first of the two term^that form its sum in 
equation (27.6). Similarly, lines 7-9 set C 12 , C 2 i, and C 2 2 to the first of the two 
terms that equal their sums in equation (27.6). Line 10 sets the submatrix F n to 
the submatrix product Ai 2 B 2 \, so that T n equals the second of the two terms that 
form Cn's sum. Lines 11-13 set F 12 , F 21 , and T 22 to the second of the two terms 
that form the sums of C i2 , C 2 i, and C22, respectively. The first seven recursive 
calls are spawned, and the last one runs in the main strand. The sync statement in 
line 14 ensures that all the submatrix products in lines 6-13 have been computed, 
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after which we add the products from T into C in using the doubly nested parallel 
for loops in lines 15-17. 
We first analyze the work M x (n) of the P-Matrix -Multiply-Recursive 
v'nrocedure, echoing the serial running-time analysis of its progenitor SQUARE- 
MAtrix-Multiply-Recursive. In the recursive case, we partition in 0(1) time, 
per^OTm eight recursive multiplications ofn/2xn/2 matrices, and finish up with 
the ^^j 2 ) work from adding two n x n matrices. Thus, the recurrence for the 
work Nkin) is 

Mj(«) ) 0SM l (n/2) + @(n 2 ) 

by case 1 of fhe-^^ster theorem. In other words, the work of our multithreaded al- 
gorithm is asymptotically the same as the running time of the procedure SQUARE- 
MATRlx-MULTlPL\h»'Section 4.2, with its triply nested loops. 

To determine the sfraiXJM^Qi) of P-Matrix-Multiply-Recursive, we first 
observe that the span for Partitioning is 0(1), which is dominated by the 0(lg«) 
span of the doubly nesteararallel for loops in lines 15-17. Because the eight 
parallel recursive calls all execute on matrices of the same size, the maximum span 
for any recursive call is just the span of any one. Hence, the recurrence for the 
span Moo(«) of P-Matrix-MuItjPly-Recursive is 

M 00 {n) = M 00 (n/2) + ®{\gn). y> (27.7) 

This recurrence does not fall under ariyXqf the cases of the master theorem, but 
it does meet the condition of Exercise\3ro^2. By Exercise 4.6-2, therefore, the 
solution to recurrence (27.7) is Moo(n) =% 2 «). 

Now that we know the work and span oIhCmatrix-Multiply-Recursive, 
we can compute its parallelism as M x (n) / M^yi)) = 0(« 3 /lg 2 «), which is very 
high. C 

Multithreading Strassen's method 

To multithread Strassen's algorithm, we follow the same^general outline as on 
page 79, only using nested parallelism: « 

1 . Divide the input matrices A and B and output matrix C into n/2 x n/2 sub- 
matrices, as in equation (27.6). This step takes 0(1) work and span by index 
calculation. 

2. Create 10 matrices S lt S 2 , . . . , S\o, each of which is n/2 x n/2 and is the sum 
or difference of two matrices created in step 1. We can create all 10 matrices 
with 0(« 2 ) work and &(lgn) span by using doubly nested parallel for loops. 
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3. Using the submatrices created in step 1 and the 10 matrices created in 
step 2, recursively spawn the computation of seven n/2 x n/2 matrix products 
P U P 2 ,...,P 7 . 

^/Compute the desired submatrices C n , C i2 . C 2 i, C 22 of the result matrix C by 
dig and subtracting various combinations of the P, matrices, once again 
umjJg doubly nested parallel for loops. We can compute all four submatrices 
witl^)(« 2 ) work and 0(lg n) span. 

To analyj£>this algorithm, we first observe that since the serialization is the 
same as the^'onginal serial algorithm, the work is just the running time of the 
serialization, "Namely, @(« lg7 ). As for P-Matrix-Multiply-Recursive, we 
can devise a reaorrence for the span. In this case, seven recursive calls exe- 
cute in parallel, b\« jjuice they all operate on matrices of the same size, we ob- 
tain the same recurrence (27.7) as we did for P-Matrix-Multiply-Recursive, 
which has solution &^g 2 ji). Thus, the parallelism of multithreaded Strassen's 
method is 0(« lg7 / lg 2 m)C which j s high, though slightly less than the parallelism 
of P-Matrix-Multiply-^^jjrsive. 

Exercises 

27.2-1 *vX 

Draw the computation dag for computrng^-SQUARE-MATRlx-MULTlPLY on 2x2 
matrices, labeling how the vertices in ypm diagram correspond to strands in the 
execution of the algorithm. Use the convpition that spawn and call edges point 
downward, continuation edges point horKorvtally to the right, and return edges 
point upward. Assuming that each strand takcfptinit time, analyze the work, span, 
and parallelism of this computation. 

27.2-2 

Repeat Exercise 27.2-1 for P-MATRlx-MULTlPLY-RgCURSlVE. 

27.2-3 V Q 

Give pseudocode for a multithreaded algorithm that multipTJ«k two n x n matrices 
with work 0(m 3 ) but span only @(lg/i). Analyze your algorithm. 

27.2-4 

Give pseudocode for an efficient multithreaded algorithm that multiplies a p x q 
matrix by a q x r matrix. Your algorithm should be highly parallel even if any of 
p, q, and r are 1. Analyze your algorithm. 
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^ 27.2-5 

, Give pseudocode for an efficient multithreaded algorithm that transposes an n x n 
\§\ matrix in place by using divide-and-conquer to divide the matrix recursively into 




v^rour n/2 x n/2 submatrices. Analyze your algorithm. 

%. 

eudocode for an efficient multithreaded implementation of the Floyd- 
algorithm (see Section 25.2), which computes shortest paths between all 
)eijices in an edge-weighted graph. Analyze your algorithm. 

4 

27.3 Multithreaded merge^ort 

We first saw serial meige sort in Section 2.3.1, and in Section 2.3.2 we analyzed its 
running time and show^& it to be 0(« lg«). Because merge sort already uses the 
divide-and-conquer paradigm, it seems like a terrific candidate for multithreading 
using nested parallelism. ^& can easily modify the pseudocode so that the first 
recursive call is spawned: ^ 

Merge-Sort' (.4, p, r) *^ 

1 if p < r ^> 

2 q=[{p + r)/2\ X ( - 

3 spawn Merge-Sort'04,/?,# 

4 Merge-Sort'LL^ + l,r) 



6 Merger, p,q,r) 



5 sync ^ 



o 

Like its serial counterpart, Merge-Sort' sorts (he subarray A\p . . r]. After the 
two recursive subroutines in lines 3 and 4 have completed, which is ensured by the 
sync statement in line 5, Merge-Sort' calls fhe sai^MERGE procedure as on 
page 31. CX 

Let us analyze Merge-Sort'. To do so, we first needl^nalyze MERGE. Re- 
call that its serial running time to merge n elements is 0(m). Because MERGE is 
serial, both its work and its span are ©(«). Thus, the following recurrence charac- 
terizes the work MS\(n) of Merge-Sort' on n elements: 



MS\{n) = 2MS[(n/2) + ®(n) 
= 0(nlgn) , 
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Figure 27.6 idea behind the multithreaded merging of two sorted subarrays T[p\ . .r\\ 

and T[p2 ■ ■ r 2 ] inttftjje subarray A[p% . . r 3 ]. Letting x = T[q\] be the median of T[p\ . . r\] and q 2 
be the place in T\pi\^t\ such that x would fall between T[q 2 — 1] and T[^2]. every element in 
subarrays T[p\ . .q\ — lJ^pd T[p2 . . q 2 — 1] (lightly shaded) is less than or equal to x, and every 
element in the subarrays k+ 1 ■ ■ r l] an d T[q 2 + 1 . . ''2] (heavily shaded) is at least x. To merge, 
we compute the index ^3 ^pere-x belongs in A[p$ . . r 3 ], copy x into ^4[<?3], and then recursively 
merge T[pi . , qi — 1] with T^p 2 ■ ■ <?2 — 1] into A[pj . . q% — 1] and T[q\ + 1 . . r{\ with T[q2 ■ ■ r 2 ] 
into A[q 3 + 1 . .r 3 ]. /\ 

which is the same as the serial ragning time of merge sort. Since the two recursive 
calls of Merge-Sort' can run in parallel, the span MS'^ is given by the recurrence 



MS' (n) 



AO/2) + ©(«) 
®(n). 



O 



Thus, the parallelism of Merge-Sort' ^ojues to MS\(n) / MS'^in) = 0(lg«), 
which is an unimpressive amount of parallel^ji. To sort 10 million elements, for 
example, it might achieve linear speedup ori^r^w processors, but it would not 
scale up effectively to hundreds of processors. r\ 

You probably have already figured out where in^parallelism bottleneck is in 
this multithreaded merge sort: the serial Merge procedure. Although merging 
might initially seem to be inherently serial, we can, intact fashion a multithreaded 
version of it by using nested parallelism. ^ ~~ 

Our divide-and-conquer strategy for multithreaded irWWg, which is illus- 
trated in Figure 27.6, operates on subarrays of an array Suppose that we 
are merging the two sorted subarrays T\p\ . .fi] of length iii = V\ — p\ + 1 
and T[p 2 . . r 2 ] of length n 2 = r 2 — p 2 + 1 into another subarray A[p 3 . . r 3 ], of 
length « 3 = r 3 — />3 + 1 = «i + n 2 . Without loss of generality, we make the sim- 
plifying assumption that n 1 >n 2 . 

We first find the middle element x = T[qi] of the subarray T[p\..r\\, 
where q\ = [(pi + ri)/2\. Because the subarray is sorted, x is a median 
of T[pi . . ri]: every element in T\p\ . . q\ — 1] is no more than x, and every el- 
ement in T[qi + 1 . . rj] is no less than x. We then use binary search to find the 
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index q 2 in the subarray T [p 2 ■ ■ r 2 ] so that the subarray would still be sorted if we 
inserted x between T[q 2 — 1] and T[q 2 \. 
\Q We next merge the original subarrays T[pi . . r Y ] and T[p 2 . . r 2 ] into A[p 3 . . r 3 ] 
vijs follows: 

f$>Sjt <?3 = p 3 + (qi - Pi) + (q 2 - Pi)- 
x into A[q 3 ]. 

sively merge T[p 1 . . q l — 1] with T[p 2 . .q 2 — I], and place the result into 
HbVray A[p 3 ..q 3 -l]. 

4. Recursr^efy* merge T[qi + 1 . . with T[q 2 . . r 2 ], and place the result into the 
subarray AJfip + 1 . . r 3 ]. 

When we compi^t^ 3 , the quantity q\—p\ is the number of elements in the subarray 
T[pi . . qi — 1], and^fhe quantity q 2 — p 2 is the number of elements in the subarray 
T[p 2 . . q 2 — 1]. Thu^OtFieir sum is the number of elements that end up before x in 
the subarray A[p 3 . . r 3 !A 

The base case occurs Jr^hen n Y = n 2 = 0, in which case we have no work 
to do to merge the two eriWy subarrays. Since we have assumed that the sub- 
array T[pi . . ri] is at least as^ong as T[p 2 . . r 2 ], that is, ri\ > n 2 , we can check 
for the base case by just checking whether n \ = 0. We must also ensure that the 
recursion properly handles the (fas^Avhen only one of the two subarrays is empty, 
which, by our assumption that n^^np must be the subarray T[p 2 . . r 2 \. 

Now, let's put these ideas into pseudocode. We start with the binary search, 
which we express serially. The procedure Binary-Search(x, T, p, r) takes a 
key x and a subarray T[p . . r], and it re^Jfs one of the following: 

• If T[p . . r] is empty (r < p), then it retwns the index p. 

• If x < T[p], and hence less than or equal to-aJl the elements of T[p . . r], then 
it returns the index p. ^\ 

• If x > T[p], then it returns the largest index q in # the range p < q < r + 1 such 
that T[q - 1] < x. Q 

Here is the pseudocode: Q 

Binary-Search(x, T, p, r) 

1 low = p 

2 high = max(/>, r + 1) 

3 while low < high 

4 mid = [(low + high)/ 2\ 

5 if x < T [mid] 

6 high = mid 
1 else low = mid + 1 
8 return high 
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The call Binary-Search(x, T, p, r) takes 0(lg«) serial time in the worst case, 
where n = r — /? + 1 is the size of the subarray on which it runs. (See Exer- 
tj&ise 2.3-5.) Since Binary-Search is a serial procedure, its worst-case work and 
«n are both 0(lgn). 

are now prepared to write pseudocode for the multithreaded merging pro- 
\itself. Like the Merge procedure on page 31, the P-Merge procedure 
iesrthat the two subarrays to be merged lie within the same array. Un- 
like MER6E, however, P-Merge does not assume that the two subarrays to 
be merged a*e adjacent within the array. (That is, P-Merge does not require 
that p 2 = C| +»1.) Another difference between Merge and P-Merge is that 
P-Merge takssas an argument an output subarray A into which the merged val- 
ues should be stored The call P-MERGE(r, p\,r x , p 2 , r 2 , A, p 3 ) merges the sorted 
subarrays T\p x . .V^nand T[p 2 ..r 2 ] into the subarray A[p 3 ..r 3 ], where r 3 = 
Ps + 0i - pi + 1) vfe.- p 2 + 1) - 1 = P3 + Oi - Pi) + (r 2 - p 2 ) + 1 and 
is not provided as an ihpi^ 

P-Merge(T, p u r u P2, r 2 <^,Vi) 

1 m = n -p x + 1 C\ 

2 n 2 = r 2 - p 2 + 1 QO 

3 if ni < n 2 /U ensure that n\ > n 2 

4 exchange p\ with p 2 \) 

5 exchange r\ with r 2 \S 

6 exchange «i with n 2 Q 

7 if« 1= =0 // both enjpy? 

8 return ^ 

9 else q x = [( Pl + n)/2J ^ 

10 q 2 = Binary-Search(7 1 [^i], T, p 2 , 

11 q 3 = p 3 + (q 1 - p x ) + (q 2 - p 2 ) A 

12 A[q 3 ] = T[ qi ] K 

13 spawn P-Merge(7 1 , pi,qi - l,p 2 ,q 2 - 1,!4^sh) 

14 P-MERGE(r,?! + l,r lt q 2 ,r 2 ,A,q 3 + 1) 

The P-Merge procedure works as follows. Lines 1-2 compute the lengths ti\ 
and 77 2 of the subarrays T\p\ . . and T[/> 2 • • r 2 \, respectively. Lines 3-6 en- 
force the assumption that r\\ > n 2 . Line 7 tests for the base case, where the 
subarray T\p\ . . is empty (and hence so is T[p 2 . . r 2 ]), in which case we sim- 
ply return. Lines 9-15 implement the divide-and-conquer strategy. Line 9 com- 
putes the midpoint of T[pi . . ri], and line 10 finds the point q 2 in T[p 2 . . r 2 ] such 
that all elements in T[p 2 . .q 2 — 1] are less than T[qi] (which corresponds to x) 
and all the elements in T[q 2 . . p 2 ] are at least as large as r^]. Line 11 com- 
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putes the index q 3 of the element that divides the output subarray A[p 3 . . r 3 ] into 
A[p 3 . .q 3 — I] and y4[^ 3 + 1 . . r 3 ], and then line 12 copies T[qi] directly into ^[^3]- 
^\ Then, we recurse using nested parallelism. Line 13 spawns the first subproblem, 
v-while line 14 calls the second subproblem in parallel. The sync statement in line 15 
^nSpres that the subproblems have completed before the procedure returns. (Since 
eve^procedure implicitly executes a sync before returning, we could have omitted 
the sync statement in line 15, but including it is good coding practice.) There 
is som&reJeverness in the coding to ensure that when the subarray T [p 2 . . r 2 ] is 
empty, tha«pde operates correctly. The way it works is that on each recursive call, 
a median element of T[pi . . r\] is placed into the output subarray, until T[p\ . . r\] 
itself finallyrie^omes empty, triggering the base case. 

Analysis of mun^H^eaded merging 

We first derive a recurrence for the span PM^in) of P-Merge, where the two 
subarrays contain a tota£§f n = n x +n 2 elements. Because the spawn in line 13 and 
the call in line 14 operate^gically in parallel, we need examine only the costlier of 
the two calls. The key is to l^&erstand that in the worst case, the maximum number 
of elements in either of the r^^rsive calls can be at most 3« / 4, which we see as 
follows. Because lines 3-6 ensure that n 2 < «i, it follows that n 2 = 2n 2 /2 < 
(«i + ;j 2 )/2 = /i/2. In the wo^Ccase, one of the two recursive calls merges 
[«i/2J elements of T[pi . . r-i] witrfatt n 2 elements of T[p 2 . . r 2 ], and hence the 
number of elements involved in the ca^-y 

[«i/2j+/t 2 < «i/2 + n 2 /2 + «2/2p* 
= («! +n 2 )/2 + >t 2 /2 tj> 
< n/2 + n/4 
= 3n/4 . 

Adding in the @(lg«) cost of the call to Binary-Search in line 10, we obtain 
the following recurrence for the worst-case span: 

Moo(«) = PM^On/A) + 0(lg n) . O (27.8) 

(For the base case, the span is 0(1), since lines 1-8 execute in constant time.) 
This recurrence does not fall under any of the cases of the master theorem, but it 
meets the condition of Exercise 4.6-2. Therefore, the solution to recurrence (27.8) 
isPM^fn) = &(\g 2 n). 

We now analyze the work P M\ (n) of P-Merge on n elements, which turns out 
to be 0(m). Since each of the n elements must be copied from array T to array A, 
we have PMi(n) = Q(n). Thus, it remains only to show that PMi(n) = 0(n). 

We shall first derive a recurrence for the worst-case work. The binary search in 
line 10 costs @(lg/i) in the worst case, which dominates the other work outside 
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of the recursive calls. For the recursive calls, observe that although the recursive 
calls in lines 13 and 14 might merge different numbers of elements, together the 
■^bvo recursive calls merge at most n elements (actually n — 1 elements, since T[qi] 
ws not participate in either recursive call). Moreover, as we saw in analyzing the 
spmft a recursive call operates on at most 3n / 4 elements. We therefore obtain the 
recuVejice 

PMi (rcfsL PM X {an) + PM { ((1 - a)n) + 0(lg n) , (27.9) 

where a lie^Hi the range l/4<a<3/4, and where we understand that the actual 
value of a rrT^yXary for each level of recursion. 

We prove tha < t-tecurrence (27.9) has solution PM X = 0{n) via the substitution 
method. Assume^thflt PMi(n) < c x n — c 2 Ign for some positive constants C\ and c 2 . 
Substituting gives us^ 

PM^n) < {c x an ^ 2 Man)) + (d(l - a)n - e 2 lg((l - a)n)) + 9(lg«) 
= dipt + (1V^))« - c 2 (lg(a«) + lg((l - a)n)) + 9(lgn) 
= ci« - c 2 (lgaA^gn + lg(l - a) + lg«) + 0(lg«) 
= c-ji - c 2 \gn ->(^2<lgn + lg(a(l - a))) - 0(lg«)) 
< cin-c 2 \gn, 

since we can choose c 2 large enou§hJthat c 2 (lgn + lg(a(l — a))) dominates the 
0(lg«) term. Furthermore, we can^rhoose C\ large enough to satisfy the base 
conditions of the recurrence. Since the©>rk PM x {n) of P-Merge is both Q(n) 
and 0(n), we have PM x {n) = 0(«). 

The parallelism of P-Merge is PM Y (n)/Pp^(n) = 9(«/lg 2 «). 

Multithreaded merge sort O 

Now that we have a nicely parallelized multithreaded merging procedure, we can 
incorporate it into a multithreaded merge sort. This version of merge sort is similar 
to the Merge-Sort' procedure we saw earlier, but unlike-MERGE-SORT', it takes 
as an argument an output subarray B, which will hold tnejisorted result. In par- 
ticular, the call P-Merge-Sort(t4, p, r, B, s) sorts the elerrjents in A[p . . r] and 
stores them in B [s . . s + r — p]. 



27.3 Multithreaded merge sort 



803 



P-Merge-Sort(^, p, r, B, s) 

1 n — r — p + I 
\$> -Q. if«==l 
V3 B[s] = A[p] 

(2p else let T[l . . n] be a new array 
^ q = l(P + r)/2\ 

1 rt^pawn P-Merge- Sort (.4, p,q,T,l) 

8 g%MERGE-SORT(^,^r + l,r, T,q' + 1) 

9 s£ni>' 

10 P-fypRGE(T, l,q',q' + l,n,B,s) 

After line 1 corn^u^s the number n of elements in the input subarray A[p . . r], 
lines 2-3 handle the base case when the array has only 1 element. Lines 4-6 set 
up for the recursive spaw^i in line 7 and call in line 8, which operate in parallel. In 
particular, line 4 allocates a temporary array T with n elements to store the results 
of the recursive merge souths. Line 5 calculates the index q of A[p . . r] to divide 
the elements into the two s<Jbarrays A[p . .q] and A[q + 1 . . r] that will be sorted 
recursively, and line 6 goes compute the number q' of elements in the first 
subarray A[p . .q], which line 8*isej>to determine the starting index in T of where 
to store the sorted result of A[q \^ . . r]. At that point, the spawn and recursive 
call are made, followed by the sync^ffline 9, which forces the procedure to wait 
until the spawned procedure is done. (Tonally, line 10 calls P-Merge to merge 
the sorted subarrays, now in T[l . . q'\ a.r^f[q' + 1 . . n], into the output subarray 
B[s..s + r-p]. 

Analysis of multithreaded merge sort Q 

We start by analyzing the work PMS\(n) of P-lVrERGE-SORT, which is consider- 
ably easier than analyzing the work of P-Merge. IfTdeed, the work is given by the 
recurrence V *_ 

PMS^n) = 2PMS 1 (n/2) + PM 1 (n) 
= 2PMS 1 (n/2) + &(n) . 

This recurrence is the same as the recurrence (4.4) for ordinary Merge-Sort 
from Section 2.3.1 and has solution PMS\(n) = 0(« lgw) by case 2 of the master 
theorem. 

We now derive and analyze a recurrence for the worst-case span fMS 00 (/i). Be- 
cause the two recursive calls to P-Merge-Sort on lines 7 and 8 operate logically 
in parallel, we can ignore one of them, obtaining the recurrence 
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PMSM = PMS 00 (n/2) + PM 00 (n) 

= PMS 0O (n/2) + @(lg 2 n) . (27.10) 

^r&for recurrence (27.8), the master theorem does not apply to recurrence (27.10), 
bfitJixercise 4.6-2 does. The solution is PMS 00 (/i) = 0(lg 3 «), and so the span of 
P-M^GE-SORT is @(lg 3 n). 

PafaTtel merging gives P-Merge-Sort a significant parallelism advantage over 
MergevSqrt'. Recall that the parallelism of Merge-Sort', which calls the se- 
rial MERGEBrocedure, is only 0(lg/i). For P-Merge-Sort, the parallelism is 

PMSA^/PM^in) = 9(«lg«)/0(lg 3 «) 
^ = 0(«/lg 2 «), 

which is much betS^iofh in theory and in practice. A good implementation in 
practice would sacrirtce\some parallelism by coarsening the base case in order to 
reduce the constants hrad^i by the asymptotic notation. The straightforward way 
to coarsen the base case is to switch to an ordinary serial sort, perhaps quicksort, 
when the size of the array ls^f-ficiently small. 

Exercises 

27.3-1 <5 v 

Explain how to coarsen the base casexrfr-MERGE. 

27.3-2 ^ 

Instead of finding a median element in theHargej" subarray, as P-Merge does, con- 
sider a variant that finds a median element otLaII the elements in the two sorted 
subarrays using the result of Exercise 9.3-8. yi^e pseudocode for an efficient 
multithreaded merging procedure that uses this median-finding procedure. Ana- 
lyze your algorithm. ^ 

27.3-3 Q 

Give an efficient multithreaded algorithm for partitioning @ array around a pivot, 
as is done by the Partition procedure on page 171. You ne^not partition the ar- 
ray in place. Make your algorithm as parallel as possible. Analyze your algorithm. 
(Hint: You may need an auxiliary array and may need to make more than one pass 
over the input elements.) 

27.3-4 

Give a multithreaded version of RECURSIVE-FFT on page 911. Make your imple- 
mentation as parallel as possible. Analyze your algorithm. 
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^> 27.3-5 * 

, Give a multithreaded version of Randomized-Select on page 216. Make your 
^\ implementation as parallel as possible. Analyze your algorithm. (Hint: Use the 
'(''partitioning algorithm from Exercise 27.3-3.) 

% 
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ShowJiow to multithread Select from Section 9.3. Make your implementation as 
parallel^ possible. Analyze your algorithm. 

%s 

27-1 Implementing parallel loops using nested parallelism 

Consider the following multithreaded algorithm for performing pairwise addition 
on « -element arrays A[t>. n] and B[l . . n], storing the sums in C[l . . n]: 

Sum-Arrays(v4, B, C)^V< 

1 parallel for i = 1 to A. Iffigth 

2 C[i] = A[i] + B[i] 

a. Rewrite the parallel loop in Sdm^Arrays using nested parallelism (spawn 
and sync) in the manner of Ma'PYrc-Main-Loop. Analyze the parallelism 
of your implementation. 

Consider the following alternative impfejrtentation of the parallel loop, which 
contains a value grain-size to be specified: vO 

Sum-Arrays'04,B,C) 

1 n = A. length • 

2 grain-size = ? //to be determined 

3 r = \n/ grain-size] Q 

4 for k = 0 to r - 1 <X 

5 spawn Add-Subarray(^, B,C,k • grain-size + 1, 

min((/c + 1) • grain-size , n)) 

6 sync 

Add-Sub array {A, B, C, i, j) 

1 for k = i to j 

2 C[k] = A[k] + B[k] 
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b. Suppose that we set grain-size = 1. What is the parallelism of this implemen- 
tation? 

fKGive a formula for the span of Sum-Arrays' in terms of n and grain-size. 
,< ^^ ) erive the best value for grain-size to maximize parallelism. 

27-2 Shying temporary space in matrix multiplication 

The P-Wto-Rix-MULTIPLY-RECURSIVE procedure has the disadvantage that it 
must alloc^t^a temporary matrix T of size n x n, which can adversely affect the 
constants hiddeja-by the ©-notation. The P-Matrix-Multiply-Recursive pro- 
cedure does hayeifiigh parallelism, however. For example, ignoring the constants 
in the 0-notatioR; the parallelism for multiplying 1000 x 1000 matrices comes to 
approximately lOdv JAO 2 = 10 7 , since lg 1000 rs 10. Most parallel computers 
have far fewer than K) million processors. 

x„ 

a. Describe a recursive ({rmltithreaded algorithm that eliminates the need for the 
temporary matrix T at(rfye cost of increasing the span to 0(n). {Hint: Com- 
pute C = C + AB following the general strategy of P-Matrix-Multiply- 
RECURSIVE, but initialize (^n parallel and insert a sync in a judiciously cho- 
sen location.) 

'-6 

b. Give and solve recurrences for trre^prk and span of your implementation. 

c. Analyze the parallelism of your impkmentation. Ignoring the constants in the 
©-notation, estimate the parallelism x 1000 matrices. Compare with 
the parallelism of P-MATRix-MuLTiPLYvJitecuRSiVE. 




27-3 Multithreaded matrix algorithms 

a. Parallelize the LU-Decomposition procedur^on page 821 by giving pseu- 
docode for a multithreaded version of this algorithm. Make your implementa- 
tion as parallel as possible, and analyze its work, spa^and parallelism. 

ex 

b. Do the same for LUP-DECOMPOSITION on page 824. A 

c. Do the same for LUP-SOLVE on page 817. 



d. Do the same for a multithreaded algorithm based on equation (28.13) for in- 
verting a symmetric positive-definite matrix. 
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27-4 Multithreading reductions and prefix computations 

A ^-reduction of an array x[l . . «], where <g> is an associative operator, is the value 

= x[l] <g> x[2] <8> • • • <8> x[n] . 

Tt$> following procedure computes the (8>-reduction of a subaiTay x[i . . j] serially. 

REfiwp(x,/,y) 

1 y =f$[i] 

2 for k*±) i + 1 to j 

3 y^®x[k] 

4 return _y 

a. Use nested p^ara&elism to implement a multithreaded algorithm P-Reduce, 
which performs^the game function with 0(«) work and 0(lg«) span. Analyze 
your algorithm. ^\ 

A related problem is ^at of computing a ® -prefix computation, sometimes 
called a ®-scan, on an arr^x[l . .«], where <g> is once again an associative op- 
erator. The <8>-scan produces ffih array y[l . .n] given by 



= x[l], *s 
y[2] = *[1]®*[2], \Js 
y[3] = x[l]®*[2]®x[3], 

y[n] = x[l] ® x[2] ® x[3] ® ■ ■ ■ ® x[n]j\ 

that is, all prefixes of the array x "summed" using the <8> operator. The following 
serial procedure Scan performs a <g>-prefix comp^^tion: 

Scan(x) * _ 

1 n = x. length ^ 

2 let y [1 . . n] be a new array vO* 

3 y[l] = x[l) <> 

4 for i = 2 to n 

5 y[i] = y[i — 1] ® x[i] 

6 return y 

Unfortunately, multithreading Scan is not straightforward. For example, changing 
the for loop to a parallel for loop would create races, since each iteration of the 
loop body depends on the previous iteration. The following procedure P-Scan-1 
performs the <8>-prefix computation in parallel, albeit inefficiently: 
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P-SCAN-l(x) 

1 n = x. length 
\& > let y[\ . . n] be a new array 
"5pP-ScAN-l-Aux(x, y, l,n) 
rn y 

P-SCA^l-Aux (x, y, i, j) 

1 paral^J) for / = i to j 

2 y[%% P-Reduce(x, 1,/) 

V' 

b. Analyze the><»ffo>rk, span, and parallelism of P-SCAN-1. 



By using nested^Wllelism, we can obtain a more efficient <g>-prefix computa- 
tion: v 

P-SCAN-2(x) C\ 

1 n = x. length 

2 let y[l . . n] be a new array. 

3 P-SCAN-2-Aux(x, y, 1,«)V^ 

4 return j • > 

P-Scan-2-Aux(x, y,i,j) x 

1 if i == j O 

2 = x[i] ^ 

3 else/c = [(i + j)/2\ \$ 

4 spawn P-Scan-2-Aux(jc, y,i,k) \rO 

5 P-Scan-2-Aux(x, + l,j) O 

6 sync 

7 parallel for / = k + 1 to j . 

8 y[l] = y[k]®y[l] Q 

c. Argue that P-Scan-2 is correct, and analyze its work,^s^^, and parallelism. 

We can improve on both P-SCAN-1 and P-SCAN-2 by performing the <g>-prefix 
computation in two distinct passes over the data. On the first pass, we gather the 
terms for various contiguous subarrays of x into a temporary array t, and on the 
second pass we use the terms in t to compute the final result y. The following 
pseudocode implements this strategy, but certain expressions have been omitted: 
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P-SCAN-30) 

1 n = x. length 
\& Z let y [1 . . n] and t [1 . . n] be new arrays 

4$)if>n > 1 

5 O P-Scan-Up(x,?,2,«) 

6 (^)P-SCAN-DOWN(x[l],X,r, j,2,«) 

7 retul^ y 

P-SCAN-^fe t, i,j) 

1 if/==yV) 

2 returrfxfsj 

3 else X 

4 /c = LO +^ 

5 = spawn B^S can-Up (x,t,i,k) 

6 n'g/z? = P-Sc£n>Up(jM,£ + 

7 sync 

8 return \ ^ II fill in the blank 

P-SCAN-DOWN(v,X,f,J,i',7), v 

1 if i == y tj. 

2 = v ®x[i] X 

3 else O 

4 fr = L0" + ;)/2J ^ 

5 spawn P-Scan-Down( ,^V, y,i,k) II fill in the blank 

6 P-Scan-Down( ,x,t,y,k^y,j) II fill in the blank 

7 sync (\ 

c 

d. Fill in the three missing expressions in line 8 of P-Scan-Up and lines 5 and 6 
of P-SCAN-DOWN. Argue that with expressions i«au supplied, P-Scan-3 is 
correct. {Hint: Prove that the value v passed to P-S€A_n-Down(v, x, t, y, i, j) 
satisfies v = x[l] <g> x[2] <g> • • • <8> x[i — 1].) S/S_ 

e. Analyze the work, span, and parallelism of P-Scan-3. 



27-5 Multithreading a simple stencil calculation 

Computational science is replete with algorithms that require the entries of an array 
to be filled in with values that depend on the values of certain already computed 
neighboring entries, along with other information that does not change over the 
course of the computation. The pattern of neighboring entries does not change 
during the computation and is called a stencil. For example, Section 15.4 presents 
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a stencil algorithm to compute a longest common subsequence, where the value in 
entry c[i, j] depends only on the values in c[i — 1, j], c[i, j — 1], and c[i — 1,7—1], 
•^as well as the elements x, and yj within the two sequences given as inputs. The 
■input sequences are fixed, but the algorithm fills in the two-dimensional array c so 
th^tA computes entry c[i, j] after computing all three entries c [i — 1 , j ] , c [i , j — 1] , 
and>ff)- l,y - 1]. 

In mis\ problem, we examine how to use nested parallelism to multi thread a 
simple stencil calculation on an n x n array A in which, of the values in A, the 
value placedunto entry ^4[/,7'] depends only on values in A[i',j'], where V < i 
and j' < yXaijd of course, V ^ / or j' ^ j). In other words, the value in an 
entry depends^oniy on values in entries that are above it and/or to its left, along 
with static inforBfation outside of the array. Furthermore, we assume throughout 
this problem that owca^we have filled in the entries upon which A [i , j ] depends, we 
can fill in A[i, j] in ®(1) time (as in the LCS-LENGTH procedure of Section 15.4). 
e can partition th&ty^n array A into four n/2 x n/2 subarrays as follows: 

t t )- <^ (27 »> 

Observe now that we can fill in(^)barray A n recursively, since it does not depend 
on the entries of the other three subarrays. Once A n is complete, we can continue 
to fill in A u and A 2 i recursively ilQarallel, because although they both depend 
on An, they do not depend on each oih^r*. Finally, we can fill in A 2 2 recursively. 

a. Give multithreaded pseudocode thatperforms this simple stencil calculation 
using a divide-and-conquer algorithmNSTiIWLE- Stencil based on the decom- 
position (27.11) and the discussion aboveS\pnn't worry about the details of the 
base case, which depends on the specific srencil.) Give and solve recurrences 
for the work and span of this algorithm in teriWp^«. What is the parallelism? 

b. Modify your solution to part (a) to divide an n x n array into nine n/3 x n/3 
subarrays, again recursing with as much parallelism^ possible. Analyze this 
algorithm. How much more or less parallelism does t@ algorithm have com- 
pared with the algorithm from part (a)? 

c. Generalize your solutions to parts (a) and (b) as follows. Choose an integer 
b > 2. Divide annxn array into b 2 subarrays, each of size n/bxn/b, recursing 
with as much parallelism as possible. In terms of n and b, what are the work, 
span, and parallelism of your algorithm? Argue that, using this approach, the 
parallelism must be o(n) for any choice of b > 2. {Hint: For this last argument, 
show that the exponent of n in the parallelism is strictly less than 1 for any 
choice of b > 2.) 
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d. Give pseudocode for a multithreaded algorithm for this simple stencil calcu- 
, lation that achieves 0(n/lg«) parallelism. Argue using notions of work and 

^\ span that the problem, in fact, has 0(n) inherent parallelism. As it turns out, 
the divide-and-conquer nature of our multithreaded pseudocode does not let us 
(^achieve this maximal parallelism. 



27-6 ^iandomized multithreaded algorithms 

Just as riRfrh ordinary serial algorithms, we sometimes want to implement random- 
ized multjftyeaded algorithms. This problem explores how to adapt the various 
performan&^tfeasures in order to handle the expected behavior of such algorithms. 
It also asks yo*Kto design and analyze a multithreaded algorithm for randomized 
quicksort. \§\ 

a. Explain how to^modify the work law (27.2), span law (27.3), and greedy sched- 
uler bound (27.4\£o jwork with expectations when T P , T\, and are all ran- 
dom variables. \ 

b. Consider a randomized (Multithreaded algorithm for which 1% of the time we 
have Ti = 10 4 and r 10 ,(5^) = 1, but for 99% of the time we have 7\ = 
7io,ooo = 10 9 - Argue that the speedup of a randomized multithreaded algo- 
rithm should be defined as E [X^JyE [T P ], rather than E [Ti/Tp]. 

c. Argue that the parallelism of a r^odomized multithreaded algorithm should be 
defined as the ratio E [Ti] /E [7^]. 

d. Multithread the Randomized-Quici^RT algorithm on page 179 by using 
nested parallelism. (Do not parallelize R@TOOMlZED-PARTrnON.) Give the 
pseudocode for your P-Randomized-Qui@SORT algorithm. 

e. Analyze your multithreaded algorithm for randomized quicksort. {Hint: Re- 
view the analysis of Randomized-Select on pag^216.) 

^ 

Chapter notes ^ 



Parallel computers, models for parallel computers, and algorithmic models for par- 
allel programming have been around in various forms for years. Prior editions of 
this book included material on sorting networks and the PRAM (Parallel Random- 
Access Machine) model. The data-parallel model [48, 168] is another popular al- 
gorithmic programming model, which features operations on vectors and matrices 
as primitives. 
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Graham [149] and Brent [55] showed that there exist schedulers achieving the 
bound of Theorem 27.1. Eager, Zahorjan, and Lazowska [98] showed that any 
■greedy scheduler achieves this bound and proposed the methodology of using work 
•afRjl span (although not by those names) to analyze parallel algorithms. Blelloch 
[4^Weveloped an algorithmic programming model based on work and span (which 
he c$md the "depth" of the computation) for data-parallel programming. Blumofe 
and Caissrson [52] gave a distributed scheduling algorithm for dynamic multi- 
threading/^ased on randomized "work-stealing" and showed that it achieves the 
bound E [7^< T t /P + 0(7^). Arora, Blumofe, and Plaxton [19] and Blelloch, 
Gibbons, antTMatias [49] also provided provably good algorithms for scheduling 
dynamic multithreaded computations. 

The multithreaded pseudocode and programming model were heavily influenced 
by the Cilk [51, ft-8\flroject at MIT and the Cilk++ [71] extensions to C++ dis- 
tributed by Cilk Artx, lnc,. Many of the multithreaded algorithms in this chapter 
appeared in unpublishb^i* lecture notes by C. E. Leiserson and H. Prokop and have 
been implemented in Cil^ or Cilk++. The multithreaded merge-sorting algorithm 
was inspired by an algorithmAof Akl [12]. 

The notion of sequential c«(n£istency is due to Lamport [223]. 

\ 



28 • _ Matrix Operations 

Because operanom on matrices lie at the heart of scientific computing, efficient al- 
gorithms for worM with matrices have many practical applications. This chapter 
focuses on how toNnuJtiply matrices and solve sets of simultaneous linear equa- 
tions. Appendix D reviews the basics of matrices. 

Section 28. 1 shows trew>to solve a set of linear equations using LUP decomposi- 
tions. Then, Section 28.Z«xriores the close relationship between multiplying and 
inverting matrices. Finally, Section 28.3 discusses the important class of symmetric 
positive-definite matrices andv>nows how we can use them to find a least-squares 
solution to an overdetermined sat ofolinear equations. 

One important issue that ariseKDi practice is numerical stability. Due to the 
limited precision of floating-point f^fjresentations in actual computers, round-off 
errors in numerical computations may @:ome amplified over the course of a com- 
putation, leading to incorrect results; we(cUl such computations numerically un- 
stable. Although we shall briefly consider^iimerical stability on occasion, we do 
not focus on it in this chapter. We refer yo^fjj the excellent book by Golub and 
Van Loan [144] for a thorough discussion of staEfNity issues. 

• 

28.1 Solving systems of linear equations £\ 

°^ 

Numerous applications need to solve sets of simultaneoM^inear equations. We 
can formulate a linear system as a matrix equation in which each matrix or vector 
element belongs to a field, typically the real numbers R. This section discusses how 
to solve a system of linear equations using a method called LUP decomposition. 
We start with a set of linear equations in n unknowns 
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(l\\X\ + ai2*2 + ""■ + d\nX n — b\ , 
a 21 x l + @22 x 2 + '•■ + 0>2n x n = ^2 - 

(28.1) 

v. : 

#nC^} Jr 0-n2 x 2 + ■■■ + Ct nn X n — b n . 

A solmwn to the equations (28.1) is a set of values for X\, X2, ■ ■ ■ , x„ that satisfy 
all of thc4nuations simultaneously. In this section, we treat only the case in which 
there are s^ractly n equations in n unknowns. 

We can cfc^irveniently rewrite equations (28.1) as the matrix-vector equation 

an a 12 \>\ai n \/xi\ I b x 

<*21 <322 ■ <$g-n \ / X 2 \ I b 2 

or, equivalently, letting A<=daij), x = (x,), and b = (b t ), as 

Ax = b . ^\ (28.2) 

If A is nonsingular, it posses^ an inverse A~ l , and 

x = A~ l b *^ (28.3) 

is the solution vector. We can prove th^x is the unique solution to equation (28.2) 
as follows. If there are two solutions, x ^ffijl x', then Ax = Ax' = b and, letting / 
denote an identity matrix, 

x = Ix \& 

= (A~ l A)x 

= A' 1 (Ax) 

= A' 1 (Ax') ^ 

= (A~ 1 A)x' *Q 

In this section, we shall be concerned predominantly wiu\the case in which A 
is nonsingular or, equivalently (by Theorem D.l), the rank of A is equal to the 
number n of unknowns. There are other possibilities, however, which merit a brief 
discussion. If the number of equations is less than the number n of unknowns— or, 
more generally, if the rank of A is less than n— then the system is underdeter- 
mined. An underdetermined system typically has infinitely many solutions, al- 
though it may have no solutions at all if the equations are inconsistent. If the 
number of equations exceeds the number n of unknowns, the system is overdeter- 
mined, and there may not exist any solutions. Section 28.3 addresses the important 
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problem of finding good approximate solutions to overdetermined systems of linear 
equations. 

Let us return to our problem of solving the system Ax = b of n equations in n 
v^anknowns. We could compute A~ x and then, using equation (28.3), multiply b 
IqC)^ -1 , yielding x = A~ l b. This approach suffers in practice from numerical 
instability. Fortunately, another approach— LUP decomposition— is numerically 
stabft^arid has the further advantage of being faster in practice. 

Overviews LUP decomposition 

The idea beKmd LUP decomposition is to find three n x n matrices L, U, and P 
such that J 

PA = LU , (28.4) 
where y 

• L is a unit lower-triai^jjar matrix, 

• U is an upper-triangulai^rriatrix, and 

• P is a permutation matrix^ 

We call matrices L, U, and P sa^ifjying equation (28.4) an LUP decomposition 
of the matrix A. We shall show that^very nonsingular matrix A possesses such a 
decomposition. 

Computing an LUP decomposition fojnjhe matrix A has the advantage that we 
can more easily solve linear systems wl^r^iey are triangular, as is the case for 
both matrices L and U . Once we have foun^kan LUP decomposition for A, we 
can solve equation (28.2), Ax = b, by solvins-Qnly triangular linear systems, as 
follows. Multiplying both sides of Ax = b by-ftyields the equivalent equation 
PAx = Pb, which, by Exercise D.l-4, amounts to-permuting the equations (28.1). 
Using our decomposition (28.4), we obtain * 

LUx = Pb . O 

We can now solve this equation by solving two triangula/^near systems. Let us 
define y = Ux, where x is the desired solution vector. First, we solve the lower- 
triangular system 

Ly = Pb (28.5) 

for the unknown vector y by a method called "forward substitution." Having solved 
for y, we then solve the upper-triangular system 



Ux = y 



(28.6) 
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for the unknown x by a method called "back substitution." Because the permu- 
tation matrix P is invertible (Exercise D.2-3), multiplying both sides of equa- 
tion (28.4) by P~ l gives P~ l PA = P~ l LU, so that 

JT=.P- 1 LU . (28.7) 

Hensepthe vector x is our solution to Ax = b: 

Ax =^J> -1 L£/;c (by equation (28.7)) 
= i*?lLy (by equation (28.6)) 
= P \^b (by equation (28.5)) 

= b. s> 

Our next step is to show how forward and back substitution work and then attack 
the problem of computing, the LUP decomposition itself. 

Forward and back substitution 

Forward substitution can sol^e 1 the lower-triangular system (28.5) in &(n 2 ) time, 
given L, P , and b. For convei(£^ice, we represent the permutation P compactly 
by an array n[\ . . n\. For i = 1, \, . . . , n, the entry n[i] indicates that Pi >n [{\ = 1 
and Py = 0 for j ^ Thus, #3) has a„[Qj in row i and column j , and Pb 
has b n [i] as its ith element. Since L i^unit lower-triangular, we can rewrite equa- 
tion (28.5) as Q 

kiy\ + J2 = 

: <* 

Wl + /«2j2 + ^«3j3 + ■■■ + y n = b„[ H ] . * ^ 

The first equation tells us that y 1 = b x [i]. Knowing t(je) value of y u we can 
substitute it into the second equation, yielding 

yi = b n[2 ] - /21J1 • 

Now, we can substitute both y Y and y 2 into the third equation, obtaining 
V3 = b n[3] - (/31J1 + /32J2) ■ 

In general, we substitute yi, y 2 , . . . , "forward" into the ith equation to solve 
for y t : 
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i-l 



, 0 Having solved for y, we solve for x in equation (28.6) using back substitution, 
n^ijich is similar to forward substitution. Here, we solve the «th equation first and 
worlpbackward to the first equation. Like forward substitution, this process runs 
in 0(^5) time. Since U is upper-triangular, we can rewrite the system (28.6) as 

U\\X\ 

,2 x 2 + ""■ + Ul,n-2 x n-2 + ^l,n-l x n-l + U\ n X n — Ji , 
1*22 Xpt + ■■■ + U 2 ,„-2X„-2 + Ui n -\X n -\ + U2n x n = J>2 > 

u n-2,n-2 x n-2 + u n—2,n—l X n—l u n-2,n x n — J»— 2 > 
^n-\,n-\ x n-\ ~l~ ^n-l,n-^« = Jn-1 > 
A = J„ . 

Thus, we can solve for xf^X^-i , . . . , X\ successively as follows: 

X n—l — CVw— 1 ^w— l,n x n)/ Mjt— l,n— 1 > 

= (/n-2 — (^n-2,n-l-Xn-tfr) U n -2 >n x n)) / u n-2,n-2 > 

or, in general, 

V j=i+l / O 

Given P, L, f7, and /3, the procedure LUP-S(^LVE solves for x by combining 
forward and back substitution. The pseudocode assames that the dimension n ap- 
pears in the attribute L . rows and that the permutatiorCj^atrix P is represented by 
the array it. O . 

LUP-SOLVE(L,f7,;r,/3) r 

1 77 = L.row* 

2 let x be a new vector of length n 

3 for i = 1 to 77 

5 for z = 77 downto 1 

6 x ( - = (y,- - E"=i+1 / M <* 

7 return x 
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Procedure LUP-SOLVE solves for y using forward substitution in lines 3-4, and 
then it solves for x using backward substitution in lines 5-6. Since the summation 
•^within each of the for loops includes an implicit loop, the running time is 0(« 2 ). 
V^s an example of these methods, consider the system of linear equations defined 

^ '3 




\ 

and we wish to solve for the tfnknown x. The LUP decomposition is 
L = { 0.2 1 0 | , • > 

% 

(You might want to verify that PA = LU .) Using forward substitution, we solve 
Ly = Pb for y: Q 

0.2 1 o\( y y 2 \ = (3} , ^> 
0.6 0.5 1 / \ y 3 J \7 J 

obtaining 



U 



P = 



1 0 




0.2 1 


!) 


0.6 0.5 




5 6 


3 


0 0.8 


-0.6 


0 0 


2.5 


0 0 1 




1 0 0 


) 


0 1 0 





by computing first y lt then y 2 , and finally y 3 . Using back substitution, we solve 
Ux = y for x: 
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'4. 



5 6 3 
0 0.8 -0.6 
0 0 2.5 

Teby obtaining the desired answer 
1.4 






jjig^first X3, then x 2 , and finally X\. 
Computing decomposition 

We have now showrnthat if we can create an LUP decomposition for a nonsingular 
matrix A, then fonxaftf and back substitution can solve the system Ax = b of 
linear equations. Now w$ show how to efficiently compute an LUP decomposition 
for A. We start with the c&se in which A is an n x n nonsingular matrix and P is 
absent (or, equivalently, I n ). In this case, we factor A = LU . We call the 

two matrices L and U an LU decomposition of A. 

We use a process known as^Gaussian elimination to create an LU decomposi- 
tion. We start by subtracting muftigj^s of the first equation from the other equations 
in order to remove the first variaWe^rom those equations. Then, we subtract mul- 
tiples of the second equation from the third and subsequent equations so that now 
the first and second variables are remG^d from them. We continue this process 
until the system that remains has an upr^^triangular form— in fact, it is the ma- 
trix U . The matrix L is made up of the ro^Vnultipliers that cause variables to be 
eliminated. <'0 

Our algorithm to implement this strategy is @ursive. We wish to construct an 
LU decomposition for an n x n nonsingular matrj^4. If n = 1, then we are done, 
since we can choose L = I x and U — A. For « > Lwe break A into four parts: 



an 


an ■ 


" a \n 


a 2 i 


a 2 i ■ 


" &2n 


0-n\ 







an 
v 



ur 
A' 



where v is a column (n — l)-vector, w T is a row (n — l)-vector, and A' is an 
(n — 1) x (n — 1) matrix. Then, using matrix algebra (verify the equations by 
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simply multiplying through), we can factor A as 



The Os^ty the first and second matrices of equation (28.8) are row and col- 
umn (n vrt)-vectors, respectively. The term vw T /a n , formed by taking the 
outer proou«t\of v and w and dividing each element of the result by a n , is an 
(n — 1) x (tt—^) matrix, which conforms in size to the matrix A' from which it is 
subtracted. The ^j^ulting (n — 1) x (n — 1) matrix 

A'-vw T /a n \& ( 28 - 9 ) 



is called the Schur camnlfment of A with respect to an. 

We claim that if A \? npnsingular, then the Schur complement is nonsingular, 
too. Why? Suppose tha\the Schur complement, which is (« — 1) x (n — 1), is 
singular. Then by Theorem^ J, it has row rank strictly less than n — 1. Because 
the bottom n — 1 entries in th^nrst column of the matrix 



y 0 A' - vw T /a n j • 2 

are all 0, the bottom n — 1 rows oMnis^ matrix must have row rank strictly less 
than n — 1. The row rank of the entrre ^matrix, therefore, is strictly less than n. 
Applying Exercise D.2-8 to equation (2&Al A has rank strictly less than n, and 
from Theorem D.l we derive the contradiction that A is singular. 

Because the Schur complement is nonsin§5rar, we can now recursively find an 
LU decomposition for it. Let us say that 

A' -vw T /a n = L'U' , 

where L' is unit lower-triangular and U' is upper-triangular. Then, using matrix 
algebra, we have 

A ( 1 ° \( a " ^ \ Qa 

\v/a n In-i)\ 0 A'-vw T /a n ) Vj> 



1 0 \fa n w T 

v/a n /„_, ){ 0 L'U' 

1 0 \f a n w T 

v/a n L' ){ 0 U' 



= LU , 

thereby providing our LU decomposition. (Note that because L' is unit lower- 
triangular, so is L, and because U' is upper-triangular, so is U .) 
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Of course, if a \ 1 =0, this method doesn't work, because it divides by 0. It also 
doesn't work if the upper leftmost entry of the Schur complement A' — vw 1 /flu 
^\ is 0, since we divide by it in the next step of the recursion. The elements by 
V'which we divide during LU decomposition are called pivots, and they occupy the 
diagonal elements of the matrix U. The reason we include a permutation matrix P 
du$ifrg LUP decomposition is that it allows us to avoid dividing by 0. When we use 
permutations to avoid division by 0 (or by small numbers, which would contribute 
to numerical instability), we are pivoting. 

An important class of matrices for which LU decomposition always works cor- 
rectly is the ojass of symmetric positive-definite matrices. Such matrices require 
no pivoting^and thus we can employ the recursive strategy outlined above with- 
out fear of dividing by 0. We shall prove this result, as well as several others, in 
Section 28.3. ^J*^ 

Our code for LlxdecQmposition of a matrix A follows the recursive strategy, ex- 
cept that an iteration , ij5ojxreplaces the recursion. (This transformation is a standard 
optimization for a "taiKfecursive" procedure— one whose last operation is a recur- 
sive call to itself. See Problem 7-4.) It assumes that the attribute A. rows gives 
the dimension of A. We initialize the matrix U with 0s below the diagonal and 
matrix L with Is on its diago^J) and 0s above the diagonal. 

LU-Decomposition(^) 

1 n = A. rows \^ 

2 let L and U be new n x n matrices) 

3 initialize U with 0s below the diagc^ 

4 initialize L with Is on the diagonal an^Os above the diagonal 

5 for k = 1 to n 

6 Ukk = &kk Q 

7 for i = k + 1 to n s\ 

8 hk = dik/ukk II Uk holds y- 

9 Uki = (iki II Uki holds wf 

10 for i = k + 1 to n 

1 1 for j = k + 1 to n 

12 dij = a t j — IjkUkj 

13 return L and U 



The outer for loop beginning in line 5 iterates once for each recursive step. Within 
this loop, line 6 determines the pivot to be Ukk = Ukk- The for loop in lines 7-9 
(which does not execute when k = n), uses the v and w T vectors to update L 
and U. Line 8 determines the elements of the v vector, storing i>, in and line 9 
computes the elements of the w T vector, storing wj in u^. Finally, lines 10-12 
compute the elements of the Schur complement and store them back into the ma- 
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Figure 28.1 The operation^/ LU-Decomposition. (a) The matrix A. (b) The element a\\ = 2 
in the black circle is the pivot,-tn^ shaded column is v/a\\, and the shaded row is w T . The elements 
of U computed thus far are aooy£ the horizontal line, and the elements of L are to the left of the 
vertical line. The Schur complen^emjnatrix A' — vw T /an occupies the lower right, (c) We now 
operate on the Schur complement rfjatrix produced from part (b). The element 022 = 4 in the black 
circle is the pivot, and the shaded colu(ftj5)and row are v/ a 22 an d i£> T (in the partitioning of the Schur 
complement), respectively. Lines divide the matrix into the elements of U computed so far (above), 
the elements of L computed so far (left), and^e new Schur complement (lower right), (d) After the 
next step, the matrix A is factored. (The element \ in the new Schur complement becomes part of U 
when the recursion terminates.) (e) The factorization A = LU. 

o 

trix A. (We don't need to divide by akk in^fe 12 because we already did so when 
we computed /,£ in line 8.) Because line 12 )ly nested, LU-DECOMPOSITION 
runs in time 0(« 3 ). ~<\^) 

Figure 28.1 illustrates the operation of LU-D@DMPOSlTlON. It shows a stan- 
dard optimization of the procedure in which we stor^he significant elements of L 
and U in place in the matrix A. That is, we can set ujp a correspondence between 
each element a i; and either /, ; (if i > j) or wy (if i and update the ma- 

trix A so that it holds both L and U when the procedurQerminates. To obtain 
the pseudocode for this optimization from the above pseudog^de, just replace each 
reference to / or u by a; you can easily verify that this transformation preserves 
correctness. 



Computing an LUP decomposition 

Generally, in solving a system of linear equations Ax = b, we must pivot on off- 
diagonal elements of A to avoid dividing by 0. Dividing by 0 would, of course, 
be disastrous. But we also want to avoid dividing by a small value— even if A is 
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nonsingular— because numerical instabilities can result. We therefore try to pivot 
on a large value. 

^\ The mathematics behind LUP decomposition is similar to that of LU decom- 
v^nosition. Recall that we are given an n x n nonsingular matrix A, and we wish 
toOJind a permutation matrix P , a unit lower-triangular matrix L, and an upper- 
tnsjiraular matrix U such that PA = LU . Before we partition the matrix A, as we 
did rarLU decomposition, we move a nonzero element, say a^\, from somewhere 
in thenwst column to the (1, 1) position of the matrix. For numerical stability, we 
choose atj^as the element in the first column with the greatest absolute value. (The 
first column cannot contain only Os, for then A would be singular, because its de- 
terminant wsuW be 0, by Theorems D.4 and D.5.) In order to preserve the set of 
equations, we axchange row 1 with row k, which is equivalent to multiplying A by 
a permutation malriij£. Q on the left (Exercise D.l-4). Thus, we can write QA as 

QA = 

where v = (a 2 \,a 31 , . . V&m) t , except that a n replaces a^; w T = (a&2!«fc3» 
. . . , flyt„); and A' is an (n — \) x (n — 1) matrix. Since aki ^ 0, we can now perform 
much the same linear algebra® for LU decomposition, but now guaranteeing that 
we do not divide by 0: • > 

= ( 1 0 \( a * SB? \ 

\ v/ojti I n -\ ) V 0 A' — v^/a kl J ' 

As we saw for LU decomposition, if nsingular, then the Schur comple- 

ment A' — vw J /(ik\ is nonsingular, too. Thesejqre, we can recursively find an 
LUP decomposition for it, with unit lower-triang^Tar matrix L', upper-triangular 
matrix U', and permutation matrix P', such that 




P'(A' - vw T /a kl ) = L'U' 
Define 

0 



i 



which is a permutation matrix, since it is the product of two permutation matrices 
(Exercise D.l-4). We now have 
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Clkl W T 
0 A' — vw T /a k i 

T 

w 

0 A' — vw T /aki 
0 P'(A' -vw T /a kl ) 
0 L'U' 



yielding the LUP decomposition. Because L' is unit lower-triangular, so is L, and 
because V is upper-triangujar^so is U . 

Notice that in this derivation, unlike the one for LU decomposition, we must 
multiply both the column \ecto%\b / ciki and the Schur complement A' — vw T /ciki 
by the permutation matrix P'. Hese is>the pseudocode for LUP decomposition: 

LUP-Decomposition(^) 

1 n = A. rows Q 

2 let jt[l . . n] be a new array 



3 for ; = 1 to n 
4 

5 for /c = 1 to n 

6 p=0 ~* 

7 for i = k to n 

8 if > /? 

9 = |a,'A:| 

10 t = i 

11 if ^ == 0 

12 error "singular matrix" 

13 exchange n[k\ with 7r[/c'] 

14 for i = 1 to n 

15 exchange ciki with a^i 

16 for 2 = k + 1 to « 

18 for 7 = A: + 1 to n 

19 Cy = fly — ClikClkj 
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Like LU-Decomposition, our LUP-Decomposition procedure replaces 
the recursion with an iteration loop. As an improvement over a direct implemen- 
^\ tation of the recursion, we dynamically maintain the permutation matrix P as an 
y'l^Tay it, where n[i] = j means that the zth row of P contains a 1 in column j . 
W&also implement the code to compute L and U "in place" in the matrix A. Thus, 
wn<efi)the procedure terminates, 

if i > j , 
\fi<j . 

Figure 2C> illustrates how LUP-DECOMPOSITION factors a matrix. Lines 3-4 
initialize thev^ftey n to represent the identity permutation. The outer for loop 
beginning in lMer§ implements the recursion. Each time through the outer loop, 
lines 6-10 determip^ the element a^k with largest absolute value of those in the 
current first column (Gplumn k) of the (n — k + 1) x (n — k + 1) matrix whose 
LUP decomposition weare finding. If all elements in the current first column are 
zero, lines 11-12 report that the matrix is singular. To pivot, we exchange n[k'] 
with 7i[k] in line 13 andr^change the A:th and k'th. rows of A in lines 14-15, 
thereby making the pivot element a^k- (The entire rows are swapped because in 
the derivation of the method aSt^ve, not only is A' — vw T /a^i multiplied by P', but 
so is v/aki-) Finally, the Schur complement is computed by lines 16-19 in much 
the same way as it is computed by v @es 7-12 of LU-DECOMPOSITION, except that 
here the operation is written to workin place. 

Because of its triply nested loop st@ture, LUP-DECOMPOSITION has a run- 
ning time of 0(« 3 ), which is the same^that of LU-DECOMPOSITION. Thus, 
pivoting costs us at most a constant factor ^time. 

*6 
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28.1-1 

Solve the equation 

1 0 0 
4 1 0 
-6 5 1 

by using forward substitution. 
28.1-2 

Find an LU decomposition of the matrix 

4 -5 6 
8-6 7 
12 -7 12 
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Figure 28.2 The operation of LUP-DECOMPOSITION. (a) The irtpirtspatrix A with the identity 
permutation of the rows on the left. The first step of the algorithm oetewiines that the element 5 
in the black circle in the third row is the pivot for the first column, (b) Rows 1 and 3 are swapped 
and the permutation is updated. The shaded column and row represent v and iu T . (c) The vector v 
is replaced by v/5, and the lower right of the matrix is updated with the Schur complement. Lines 
divide the matrix into three regions: elements of U (above), elements of L (left), and elements of the 
Schur complement (lower right), (d)-(f) The second step, (g)-(i) The third step. No further changes 
occur on the fourth (final) step, (j) The LUP decomposition PA = LU. 
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« Solve the equation 

^V. 5 

2 0 

if 

by us(K^ an LUP decomposition. 

Describe tkte LUP decomposition of a diagonal matrix. 
25J-5 V 

Describe the LTj[|}\iecomposition of a permutation matrix A, and prove that it is 
unique. 

v>' 

Show that for all n > lrthfcre exists a singular « x n matrix that has an LU decom- 
position. 

28.1-7 0 

In LU-DECOMPOSITION, is it necessary to perform the outermost for loop itera- 
tion when k = n? How about in I®P -DECOMPOSITION? 

\ 

28.2 Inverting matrices ^\S* 

Although in practice we do not generally use matrix inverses to solve systems of 
linear equations, preferring instead to use more numerically stable techniques such 
as LUP decomposition, sometimes we need to compute a matrix inverse. In this 
section, we show how to use LUP decomposition *ta-compute a matrix inverse. 
We also prove that matrix multiplication and computing. the inverse of a matrix 
are equivalently hard problems, in that (subject to tecrHMpal conditions) we can 
use an algorithm for one to solve the other in the same asymptotic running time. 
Thus, we can use Strassen's algorithm (see Section 4.2) for matrix multiplication 
to invert a matrix. Indeed, Strassen's original paper was motivated by the problem 
of showing that a set of a linear equations could be solved more quickly than by 
the usual method. 
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Computing a matrix inverse from an LUP decomposition 

^Suppose that we have an LUP decomposition of a matrix A in the form of three 
^Wtrices L, U, and P such that PA = LU . Using LUP-SOLVE, we can solve 
aw equation of the form Ax = b in time 0(« 2 ). Since the LUP decomposition 
depend* on A but not b, we can run LUP-SOLVE on a second set of equations of 
the fomL Ax = b' in additional time &(n 2 ). In general, once we have the LUP 
decomposition of A, we can solve, in time &(kn 2 ), k versions of the equation 
Ax = b&k differ only in b. 
We can ff^Hk of the equation 

AX = I„, N< ^ ) (28.10) 

which defines the 'tutrix X, the inverse of A, as a set of n distinct equations of the 
form Ax = b. To beCprecise, let X, denote the z'th column of X , and recall that the 
unit vector is the zth^olumn of /„. We can then solve equation (28.10) for X by 
using the LUP decompos(lt?on for A to solve each equation 

AXi = e t &x 

separately for X, . Once we hav^he LUP decomposition, we can compute each of 
the n columns X t in time &(n 2 ), and so we can compute X from the LUP decom- 
position of A in time 0(n 3 ). Since ^e)can determine the LUP decomposition of A 
in time @(« 3 ), we can compute the in^erle A" 1 of a matrix A in time ®(« 3 ). 

o 

Matrix multiplication and matrix inverstfcjh 

We now show that the theoretical speedupk^pbtained for matrix multiplication 
translate to speedups for matrix inversion. IrfraCL we prove something stronger: 
matrix inversion is equivalent to matrix multipHeaJion, in the following sense. 
If M(n) denotes the time to multiply two n x n matrices, then we can invert a 
nonsingular n x n matrix in time 0(M(n)). Moreover, if I(n) denotes the time 
to invert a nonsingular n x n matrix, then we can multfgl^Jwo n x n matrices in 
time 0(7(77)). We prove these results as two separate met 




Theorem 28.1 (Multiplication is no harder than inversion) 

If we can invert an n x n matrix in time I(n), where I{n) = Q.(n z ) and I(n) 
satisfies the regularity condition I(3n) = 0{I(n)), then we can multiply two n x n 
matrices in time O (/(«)). 



Proof Let A and B be n x n matrices whose matrix product C we wish to com- 
pute. We define the 3n x 3n matrix D by 
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-A 


AB 


h 


-B 


0 


In 



and thus wthcan compute the product AB by taking the upper right n x n submatrix 
of/)" 1 . \f* 

We can conduct matrix D in 0(« 2 ) time, which is 0(I(n)) because we assume 
that I(n) — an ^ we can invert D in 0(/(3n)) = 0(I(n)) time, by the 

regularity condition*^ I(n). We thus have M(n) = 0{I{n)). m 

Note that I(n) saftsfk* the regularity condition whenever /(«) = 0(« e lg d n) 
for any constants c > (xand > 0. 

The proof that matrix^aWsion is no harder than matrix multiplication relies 
on some properties of symmetric positive-definite matrices that we will prove in 
Section 28.3. 0 

Theorem 28.2 (Inversion is no ha^pr than multiplication) 

Suppose we can multiply two n x j^#e*al matrices in time M(n), where M(n) = 
£l(n 2 ) and M(n) satisfies the two regu^ity conditions M(n + k) = 0(M(n)) for 
any k in the range 0 < k < n and M(n/rtS< cM(n) for some constant c < 1/2. 
Then we can compute the inverse of ahy^re^l nonsingular n x n matrix in time 
0(M(n)). ^ 

Proof We prove the theorem here for real maGbtt;. Exercise 28.2-6 asks you to 
generalize the proof for matrices whose entries are- complex numbers. 
We can assume that n is an exact power of 2, sincfc we have 

V 0 h) - \ 0 I k ) ^ 

for any k > 0. Thus, by choosing k such that n + k is a power of 2, we enlarge 
the matrix to a size that is the next power of 2 and obtain the desired answer A" 1 
from the answer to the enlarged problem. The first regularity condition on M(n) 
ensures that this enlargement does not cause the running time to increase by more 
than a constant factor. 

For the moment, let us assume that the n x n matrix A is symmetric and positive- 
definite. We partition each of A and its inverse A~ l into four n/2 x n/2 submatri- 
ces: 
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(28.13) 



A = {c d) m6 " =U rj- «*•»> 

;n, if we let 

CS _1 C T (28.12) 

chur complement of A with respect to B (we shall see more about this form 
^complement in Section 28.3), we have 

fC§ T\ ( B~ l + B~ l C T S~ l CB- 1 -B~ l C T S 

A ~ = M = ( 

since A A 1 ^C7*,as you can verify by performing the matrix multiplication. Be- 
cause A is symmetric and positive-definite, Lemmas 28.4 and 28.5 in Section 28.3 
imply that B and^Stire both symmetric and positive-definite. By Lemma 28.3 in 
Section 28.3, therefore, the inverses B~ l and S~ l exist, and by Exercise D.2-6, 
B 1 and S^ 1 are symmetric, so that (S _1 ) T = B 1 and (5~') T = S' 1 . There- 
fore, we can compute th^ubmatrices R, T, U , and V of A -1 as follows, where 
all matrices mentioned are<^2 x«/2: 

1. Form the submatrices B, , and D of A. 

2. Recursively compute the inverse B~ l of B. 

3. Compute the matrix product W ^\CB~ X , and then compute its transpose W T , 
which equals B~ l C T (by Exercise^! -2 and (5 _1 ) T = B~ l ). 

4. Compute the matrix product X = (^C T , which equals CB~ l C T , and then 
compute the matrix S = D — X = D g£B~ l C T . 

5. Recursively compute the inverse S~ l of S$W set V to S~ l . 

6. Compute the matrix product Y which equals S l CB 1 , and 
then compute its transpose F T , which equalsvi?7i C^" 1 (by Exercise D.l-2, 
(B~ l ) T = B~\ and (S-*) T = S" 1 ). Set 7 to -<P and (7 to —Y. 

1. Compute the matrix product Z = W T Y, which equals 5 _1 C T S _1 CB -1 , and 
set # to B' 1 + Z. 

Thus, we can invert an n x n symmetric positive-definite ^Wix by inverting two 
«/2x/i/2 matrices in steps 2 and 5 ; performing four multiplications ofn/2xn/2 
matrices in steps 3, 4, 6, and 7; plus an additional cost of 0(n 2 ) for extracting 
submatrices from A, inserting submatrices into A' 1 , and performing a constant 
number of additions, subtractions, and transposes on n/2 x n/2 matrices. We get 
the recurrence 

7(n) < 21 (n/2) + 4M(n/2) + 0(n 2 ) 
= 2/(«/2) + &(M(n)) 
= 0(M(n)) . 
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The second line holds because the second regularity condition in the statement 
of the theorem implies that 4M(«/2) < 2M(n) and because we assume that 
^\ M(n) = Q(n 2 ). The third line follows because the second regularity condition 
V'allows us to apply case 3 of the master theorem (Theorem 4.1). 

remains to prove that we can obtain the same asymptotic running time for ma- 
tn^raultiplication as for matrix inversion when A is invertible but not symmetric 
and'rosftu five-definite. The basic idea is that for any nonsingular matrix A, the ma- 
trix symmetric (by Exercise D.l-2) and positive-definite (by Theorem D.6). 
The tricVAen, is to reduce the problem of inverting A to the problem of invert- 
ing A T A. * y 

The reduction is based on the observation that when A is an n x n nonsingular 
matrix, we hav«r „ 

A~ x = (A T A)- l A^\ 

since ((A T A)~ 1 A T ))f?=x(A T A)~ l (A T A) = /„ and a matrix inverse is unique. 
Therefore, we can compute A -1 by first multiplying A T by A to obtain A T A, then 
inverting the symmetric pesjtive-definite matrix ^4 T ^4 using the above divide-and- 
conquer algorithm, and finyiymultiplying the result by A T . Each of these three 
steps takes 0(M(n)) time, animus we can invert any nonsingular matrix with real 
entries in 0{M(n)) time. • > ■ 

The proof of Theorem 28.2 suggests a means of solving the equation Ax = b 
by using LU decomposition without piloting, so long as A is nonsingular. We 



multiply both sides of the equation by 4\ yielding (A T A)x = A T b. This trans- 
formation doesn't affect the solution x,Srn<ra A T is invertible, and so we can fac- 
tor the symmetric positive-definite matrix by computing an LU decomposi- 
tion. We then use forward and back substitutibn-tp solve for x with the right-hand 
side A T b. Although this method is theoreticallyxpi^ect, in practice the procedure 
LUP-DECOMPOSITION works much better. LUP decomposition requires fewer 
arithmetic operations by a constant factor, and it h&s somewhat better numerical 
properties. 

Exercises 
28.2-1 

Let M(n) be the time to multiply two n x n matrices, and let S(n) denote the time 
required to square an n x n matrix. Show that multiplying and squaring matri- 
ces have essentially the same difficulty: an M(«)-time matrix-multiplication al- 
gorithm implies an 0(M(n))-time squaring algorithm, and an S(«)-time squaring 
algorithm implies an 0(5(«))-time matrix-multiplication algorithm. 
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^ 28.2-2 

, Let M(n) be the time to multiply two n x n matrices, and let L(n) be the time to 
\jctampute the LUP decomposition of an n x n matrix. Show that multiplying matri- 
«e^ and computing LUP decompositions of matrices have essentially the same dif- 
ficfflfty: an M(/j)-time matrix-multiplication algorithm implies an 0(M(«))-time 
LUPfdscomposition algorithm, and an L(n)-time LUP-decomposition algorithm 
impliel^nji 0(L(«))-time matrix-multiplication algorithm. 

28.2-3 0> 

Let M(n) b^fhe time to multiply two n x n matrices, and let D(n) denote the 
time requiredXro £nd the determinant of an n x n matrix. Show that multiply- 
ing matrices ari^eomputing the determinant have essentially the same difficulty: 
an M(«)-time ma<rJx--multiplication algorithm implies an 0(M(«))-time determi- 
nant algorithm, and ^£)(n)-time determinant algorithm implies an 0(Z)(»))-time 
matrix-multiplication s^orithm. 

28.2-4 v y> 

Let M(n) be the time to muTtWy two n x n boolean matrices, and let T(n) be the 
time to find the transitive closuK&vOf an n x n boolean matrix. (See Section 25.2.) 
Show that an M(/i)-time boolean matrix-multiplication algorithm implies an 
0(M(n) lg «)-time transitive-closure^ilgorithm, and a r(«)-time transitive-closure 
algorithm implies an 0(r(n))-time\oolean matrix-multiplication algorithm. 

28.2-5 O 

Does the matrix-inversion algorithm baseman Theorem 28.2 work when matrix 
elements are drawn from the field of integers^odulo 2? Explain. 

28.2-6 * X X->. 

Generalize the matrix-inversion algorithm of Theorem 28.2 to handle matrices of 
complex numbers, and prove that your generalization works correctly. {Hint: In- 
stead of the transpose of A, use the conjugate transpose A*, which you obtain from 
the transpose of A by replacing every entry with its complex conjugate. Instead of 
symmetric matrices, consider Hermitian matrices, which Wematrices A such that 



A = A*.) 



re ma 



28.3 Symmetric positive-definite matrices and least-squares approximation 

Symmetric positive-definite matrices have many interesting and desirable proper- 
ties. For example, they are nonsingular, and we can perform LU decomposition 
on them without having to worry about dividing by 0. In this section, we shall 
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prove several other important properties of symmetric positive-definite matrices 
and show an interesting application to curve fitting by a least-squares approxima- 
tion. 

The first property we prove is perhaps the most basic. 
I^ytfna 28.3 

Any^»sitive-definite matrix is nonsingular. 

Proof NSugpose that a matrix A is singular. Then by Corollary D.3, there exists a 
nonzero v8Ctor,x such that Ax = 0. Hence, x 1 Ax = 0, and A cannot be positive- 
definite. \ > ■ 

The proof thS^Qwe can perform LU decomposition on a symmetric positive- 
definite matrix A ^thout dividing by 0 is more involved. We begin by proving 
properties about certain' submatrices of A. Define the kth leading submatrix of A 
to be the matrix A^ c(^isting of the intersection of the first k rows and first k 
columns of A. 

Lemma 28.4 /o. 

If A is a symmetric positive-definite matrix, then every leading submatrix of A is 
symmetric and positive-definite* 

Proof That each leading submatrixX^is symmetric is obvious. To prove that A^ 
is positive-definite, we assume that it iLaot and derive a contradiction. If A^ is not 
positive-definite, then there exists a k-ve$fr Xk ^ 0 such that xjA^Xk < 0. Let A 
ben x n , and 

A-tf B c) (28.14, 

for submatrices B (which is (n — k) x k) and C (whi^h is (n — k) x (n — k)). Define 
the n -vector x = ( x\ 0 ) T , where n — k 0s follow jp^jThen we have 

- ~ (*I °>(1< S c T )(o) % 



T 

A 



T 



o,( 



Bx k 



< 



which contradicts A being positive-definite. 
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We now turn to some essential properties of the Schur complement. Let A be 
a symmetric positive-definite matrix, and let A k be a leading k x k submatrix 
•^frf A. Partition A once again according to equation (28.14). We generalize equa- 
■tim (28.9) to define the Schur complement S of A with respect to A k as 

S $C>- BAj; 1 B T . (28.15) 

(By Dmna 28.4, A k is symmetric and positive-definite; therefore, A^ 1 exists by 
Lemma^-zk^, and S is well defined.) Note that our earlier definition (28.9) of the 
Schur commitment is consistent with equation (28.15), by letting k = 1. 

The next lemma shows that the Schur-complement matrices of symmetric posi- 
tive-definite iratnces are themselves symmetric and positive-definite. We used this 
result in Theorem^ 28.2, and we need its corollary to prove the correctness of LU 
decomposition for^mmetric positive-definite matrices. 

Lemma 28.5 (Schur complement lemma) 

If A is a symmetric posi^e-definite matrix and A k is a leading k x k submatrix 
of A, then the Schur conij^fejnent S of A with respect to A k is symmetric and 
positive-definite. ^ 

Proof Because A is symmetnb^so is the submatrix C. By Exercise D.2-6, the 
product BA k ~ 1 B T is symmetric, and,W Exercise D.l-1, S is symmetric. 

It remains to show that S is positive^definite. Consider the partition of A given in 
equation (28.14). For any nonzero vector^r, we have x 1 Ax > 0 by the assumption 
that A is positive-definite. Let us break Sf-mto two subvectors y and z compatible 
with Ak and C, respectively. Because ^^i_8xists, we have 



T 

X 



* - if 



= y T A k y + y T B T z + Z T By+z T Cz Q 

= (y + A- k x B T z) T A k {y + A k 1 B T z) + z T (C B T )z , (28.16) 

by matrix magic. (Verify by multiplying through.) This last<equation amounts to 
"completing the square" of the quadratic form. (See Exercise 28.3-2.) 

Since x T Ax > 0 holds for any nonzero x, let us pick any nonzero z and then 
choose y = —A^ 1 B T z, which causes the first term in equation (28.16) to vanish, 
leaving 

Z T (C - BA~ k l B T )z = Z T Sz 

as the value of the expression. For any z ^ 0, we therefore have z T Sz = 
x T Ax > 0, and thus S is positive-definite. ■ 
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Corollary 28.6 

LU decomposition of a symmetric positive-definite matrix never causes a division 
^\byO. 



of Let A be a symmetric positive-definite matrix. We shall prove something 
stfprfger than the statement of the corollary: every pivot is strictly positive. The first 
piv(jf/b^2 x x . Let e\ be the first unit vector, from which we obtain an = e\Ae\ > 0. 
Since Toe, first step of LU decomposition produces the Schur complement of A 
with respect to A 1 = (a n ), Lemma 28.5 implies by induction that all pivots are 
positive. <r » „ ■ 

Least-squares'^^roximation 

One important appji&ation of symmetric positive-definite matrices arises in fitting 
curves to given sets of^lata points. Suppose that we are given a set of m data points 

(xi,y 1 ),(x 2 ,y2),---,^^m) - 

where we know that the subject to measurement errors. We would like to 

determine a function F(x) su(?kj)that the approximation errors 

rn = F(x,)-y, (28.17) 

are small for i = 1,2, ... ,m. The fiqafn of the function F depends on the problem 
at hand. Here, we assume that it has th^Jorm of a linearly weighted sum, 

F{x) = Y J C j f j {x), 

7 = 1 *0 

where the number of summands n and the spe^a^asis functions fj are chosen 
based on knowledge of the problem at hand. A common choice is fj(x) = x j ~ l , 
which means that • 

o 

F(x) = Ci + c 2 x + c 3 x 2 -\ h c n x" 1 Q 

is a polynomial of degree n — 1 in x. Thus, given m data'p^nts (xi, ji), (x 2 , yi), 
. . . , (x m ,y m ), we wish to calculate n coefficients Ci,c 2 , ■ ■ ■ ,c n that minimize the 
approximation errors rj 1; x\ 2 , . . . , r\ m . 

By choosing n = m, we can calculate each _y, exactly in equation (28.17). Such 
a high-degree F "fits the noise" as well as the data, however, and generally gives 
poor results when used to predict y for previously unseen values of x. It is usu- 
ally better to choose n significantly smaller than m and hope that by choosing the 
coefficients Cj well, we can obtain a function F that finds the significant patterns 
in the data points without paying undue attention to the noise. Some theoretical 
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principles exist for choosing n, but they are beyond the scope of this text. In any 
case, once we choose a value of n that is less than m, we end up with an overde- 
■^berrnined set of equations whose solution we wish to approximate. We now show 
femv to do so. 



Oife) / 2 (x 2 ) ... /„(x 2 ) 
% : 

fl{*mk* fzKXm) ■■■ fn(Xm) 

denote the matrix) of values of the basis functions at the given points; that is, 
fly = fj(xj). LetcCfc= (c/t) denote the desired n-vector of coefficients. Then, 

A 

/i(-«i) v A^i) ■■■ 
Mx 2 ) yZte) ■■■ /«(■*>>) 





fl(x m ) fl(Xm)^t • • fn(x m ) 

F(x 2 ) 
F(x m ) J 

is the m -vector of "predicted values" for )5^hus, 
rj = Ac - y ^ 
is the m-vector of approximation errors. 



To minimize approximation errors, we choose to Minimize the norm of the error 
vector rj, which gives us a least-squares solution, sincfe 





\rj\\ 2 = \\Ac — y\\ 2 



2 

we can minimize \\r}\\ by differentiating ||?j|| with respect to each and then 



setting the result to 0: 
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ik 



(28.18) 



dc k 

\J!he n equations (28.18) for k = 1,2, ...,n are equivalent to the single matrix 
Ration 



(Ac*LvYA = 0 



or, equi^Jently (using Exercise D. 1-2), to 




which implies*^) 

A T Ac = A T y . (28.19) 

In statistics, this is >s^iled the normal equation. The matrix A T A is symmetric 
by Exercise D.l-2, an<£rf A has full column rank, then by Theorem D.6, A T A 
is positive-definite as w^U> Hence, (A T A)~ l exists, and the solution to equa- 
tion (28.19) is 

c = ((A T Ar 1 A T )y ® 

= A + y, (28.20) 

where the matrix A + = ((A T A)~* JO^fis the pseudoinverse of the matrix A. The 
pseudoinverse naturally generalizes fhOiotion of a matrix inverse to the case in 
which A is not square. (Compare equati^^(28.20) as the approximate solution to 
Ac = y with the solution A~ l b as the exacSjJ^olution to Ax = b.) 

As an example of producing a least-squa^s)fit, suppose that we have five data 
points Q 

(x uyi ) = (-1,2), 

(x 2 ,y 2 ) = (1,1), * 
(x 3 ,y 3 ) = (2,1), 

(x 4 ,y 4 ) = (3,0), ^ 
(x 5 ,y 5 ) = (5,3), 

shown as black dots in Figure 28.3. We wish to fit these points with a quadratic 
polynomial 

F(x) = Ci + c 2 x + c 3 x 2 . 

We stait with the matrix of basis-function values 
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Figure 28.3 The least-squares fit quadratic polynomial to the set of five data points 

{(—1,2), (1, 1), (2, 1), (3, 0), (5, 3)}. The^black dots are the data points, and the white dots are their 

) = 1.2 - 0.757 jc + 0.214x 2 , the quadratic poly- 



estimated values predicted by the polynomu 
nomial that minimizes the sum of the squaretf'erjkrs. Each shaded line shows the error for one data 
point. 



x 2 
x 3 

A" 4 



X 



X 



I 



whose pseudoinverse is 

0.500 0.300 
-0.388 0.093 
0.060 -0.036 



0.200 
0.190 
-0.048 




0.100 
0.193 
-0.036 



-0.088 
0.060 



Multiplying y by A + , we obtain the coefficient vector 




which corresponds to the quadratic polynomial 



28.3 Symmetric positive-definite matrices and least-squares approximation 



839 



F(x) = 1.200 - 0.757x + 0.214x 2 

as the closest-fitting quadratic to the given data, in a least-squares sense. 



\^ ^ s a P rac tical matter, we solve the normal equation (28.19) by multiplying y 



.A T and then finding an LU decomposition of A T A. If A has full rank, the 
AwrA A T A is guaranteed to be nonsingular, because it is symmetric and positive- 
deri*if^. (See Exercise D.l-2 and Theorem D.6.) 

Exerciie^i 
28.3-1 y>* 

Prove that ev«f^)diagonal element of a symmetric positive-definite matrix is posi- 
tive. < C\ 

O 

28.3-2 b \S' 

Let A = ^ ^ ^ J be^K2 x 2 symmetric positive-definite matrix. Prove that its 

determinant ac — b 2 is by "completing the square" in a manner similar to 

that used in the proof of Le^rma 28.5. 

28.3-3 . 

Prove that the maximum element^ a symmetric positive-definite matrix lies on 
the diagonal. ^> 

28.3-4 O 

Prove that the determinant of each leaakfk submatrix of a symmetric positive- 
definite matrix is positive. ^0 \ 

28.3-5 O 

Let A k denote the kth leading submatrix of a sym^tric positive-definite matrix A. 
Prove that det(A k )/ det(Ak-i) is the kth pivot duririg LU decomposition, where, 
by convention, detL4 0 ) = 1. ^ 

28.3-6 

Find the function of the form 
F(x) = Ci + c 2 xlgx + c 3 e x 
that is the best least-squares fit to the data points 
(1,1), (2,1), (3, 3), (4, 8) . 
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^ 28.3-7 

, Show that the pseudoinverse A + satisfies the following four equations: 

1c - A 




Problems 



28-1 Tridiagonal systems of linear equations 

Consider the tridiagon^J>matrix 

1-1 0 <§ 0\ 

A= I 0-1 2 -1 (ft) . 
0 0-1 2 -(£) 
0 0 0-1 2/ 



a. Find an LU decomposition of A. 



b. Solve the equation Ax = ( 1 1 1 Q 1 ) T by using forward and back sub- 
stitution. 

c. Find the inverse of A. •< / C^) 

d. Show how, for any n x n symmetric positive-depHjte, tridiagonal matrix A and 
any n -vector b, to solve the equation Ax = b in 0(n) time by performing an 
LU decomposition. Argue that any method based Sniorming A -1 is asymptot- 
ically more expensive in the worst case. ^- q 

e. Show how, for any n xn nonsingular, tridiagonal matrix any «-vector b, to 
solve the equation Ax = b in O(n) time by performing an LUP decomposition. 



28-2 Splines 

A practical method for interpolating a set of points with a curve is to use cu- 
bic splines. We are given a set {(x, ■, _y,) : i = 0, 1 , «} of n + 1 point-value 

pairs, where x 0 < Jti < ••• < x„. We wish to fit a piecewise-cubic curve 
(spline) / (x) to the points. That is, the curve / (x) is made up of n cubic polyno- 
mials fi(x) = a, + bjX + CiX 2 + dtx 3 for i = 0, 1, . . . ,n — 1, where if x falls in 
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the range x, < x < x, +1 , then the value of the curve is given by f(x) = fi(x—Xi). 
The points x, at which the cubic polynomials are "pasted" together are called knots. 
For simplicity, we shall assume that x ; = i for i = 0, 1, . . . , n. 
To ensure continuity of f(x), we require that 

= MO) = y it 

= //(i) = 

for i 1, ...,« — 1. To ensure that / (x) is sufficiently smooth, we also insist 
that the n^derivative be continuous at each knot: 

f'(x i+1 ) =\^m = // +1 (o) 

for i = 0, 1, . 2. 

a. Suppose that = 0, 1, we are given not only the point-value pairs 
{(X(, yi)} but als6(fhe,first derivatives Z), = /'(x ( ) at each knot. Express each 
coefficient a,-, d£\nd t/, in terms of the values y t , _y,+i, A, and 
(Remember that x, =^>.) How quickly can we compute the 4« coefficients 
from the point-value paijfs^and first derivatives? 

The question remains of how^o* choose the first derivatives of / (x) at the knots. 
One method is to require the sedbr^derivatives to be continuous at the knots: 

f"(x i+1 ) = f!'{\) = 7^(0) 

for i = 0, 1, . . . , n — 2. At the first Od last knots, we assume that f"(x 0 ) = 
/ 0 "(0) = 0 and f"(x„) = /„"_i(l) = OS^tese assumptions make f(x) a natural 
cubic spline. 

b. Use the continuity constraints on the second^derivative to show that for i = 



1,2,. ...n- 1, 



D w + 4D,+A+i=3(y j+ i-^-i). (28-21) 
Show that O 



2A> + £>i = 3( yi -y 0 ), V (28.22) 

D„_! + 2D„ = 3(j„ - j„_0 . (28.23) 

d. Rewrite equations (28.21)-(28.23) as a matrix equation involving the vector 
D = (D 0 , Di, . . . , D n ) of unknowns. What attributes does the matrix in your 
equation have? 



e. Argue that a natural cubic spline can interpolate a set of n + 1 point-value pairs 
in 0{n) time (see Problem 28-1). 
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X 

/. Show how to determine a natural cubic spline that interpolates a set of n + 1 
, points (xi, yi) satisfying x 0 < x x < ■ ■ ■ < x n , even when x t is not necessarily 
^\ equal to i . What matrix equation must your method solve, and how quickly 
v^does your algorithm run? 

% 

Chapter notes 0 

Many exceHejit texts describe numerical and scientific computation in much greater 
detail than w^ftave room for here. The following are especially readable: George 
and Liu [132], G&ub and Van Loan [144], Press, Teukolsky, Vetterling, and Flan- 
nery [283, 284], a^Strang [323, 324]. 

Golub and Van Lo^Si [144] discuss numerical stability. They show why det(^4) 
is not necessarily a gopdvmdicator of the stability of a matrix A, proposing instead 
to use 11^411^ ||y4 _1 H^V^re Mlloo = maxi</<„ YTj=i \ a ij\- They also address 
the question of how to cornp\ite this value without actually computing A~ l . 

Gaussian elimination, up?wtyhich the LU and LUP decompositions are based, 
was the first systematic method i-or solving linear systems of equations. It was also 
one of the earliest numerical algorithms. Although it was known earlier, its dis- 
covery is commonly attributed to'C^F. Gauss (1777-1855). In his famous paper 
[325], Strassen showed that an n x nWatijix can be inverted in 0{n lgl ) time. Wino- 
grad [358] originally proved that malm multiplication is no harder than matrix 
inversion, and the converse is due to AhQrlopcroft, and Ullman [5]. 

Another important matrix decompositions the singular value decomposition, 
or SVD. The SVD factors anmxn matrixt^into A = QiY^Q^, where S is an 
m x n matrix with nonzero values only on the^dlg^onal, Q i is m x m with mutually 
orfhonormal columns, and Q 2 is n x n, also witl(j)iutually orthonormal columns. 
Two vectors are orthonormal if their inner product and each vector has a norm 
of 1. The books by Strang [323, 324] and Golub and V,an Loan [144] contain good 
treatments of the SVD. 

Strang [324] has an excellent presentation of symmetri^ositive-definite matri- 
ces and of lineal - algebra in general. 
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Many problems^take the form of maximizing or minimizing an objective, given 
limited resources aAfl competing constraints. If we can specify the objective as 
a lineal - function of certain variables, and if we can specify the constraints on 
resources as equalities inequalities on those variables, then we have a linear- 
programming problem? j^inear programs arise in a variety of practical applica- 
tions. We begin by studym^n application in electoral politics. 

A political problem 

Suppose that you are a politician tQ^ng to win an election. Your district has three 
different types of areas— urban, subafban, and rural. These areas have, respec- 
tively, 100,000, 200,000, and 50,000 (entered voters. Although not all the reg- 
istered voters actually go to the polls, y6b^ decide that to govern effectively, you 
would like at least half the registered voters^ each of the three regions to vote for 
you. You are honorable and would never congi^er supporting policies in which you 
do not believe. You realize, however, that certain* issues may be more effective in 
winning votes in certain places. Your primary is5u£§ are building more roads, gun 
control, farm subsidies, and a gasoline tax dedicated to improved public transit. 
According to your campaign staff's research, you ^an^estimate how many votes 
you win or lose from each population segment by spending $1,000 on advertising 
on each issue. This information appears in the table of wgure 29.1. In this table, 
each entry indicates the number of thousands of either urtjSh, suburban, or rural 
voters who would be won over by spending $1,000 on advertising in support of a 
particular issue. Negative entries denote votes that would be lost. Your task is to 
figure out the minimum amount of money that you need to spend in order to win 
50,000 urban votes, 100,000 suburban votes, and 25,000 rural votes. 

You could, by trial and error, devise a strategy that wins the required number 
of votes, but the strategy you come up with might not be the least expensive one. 
For example, you could devote $20,000 of advertising to building roads, $0 to gun 
control, $4,000 to farm subsidies, and $9,000 to a gasoline tax. In this case, you 
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policy 



urban suburban rural 



0 
10 



3 
-5 
10 

-2 



build roads 
\^un control 
^afwi subsidies 
galjojine tax 

Figure The effects of policies on voters. Each entry describes the number of thousands of 

urban, suburban, or rural voters who could be won over by spending $1,000 on advertising support 
of a policy suVajiarticular issue. Negative entries denote votes that would be lost. 



would win 20)^2j+0(8) + 4(0) + 9(10) = 50 thousand urban votes, 20(5)+0(2) + 
4(0) + 9(0) = 1W thousand suburban votes, and 20(3) + 0(-5) + 4(10) + 9(-2) = 
82 thousand rura l^Stes. You would win the exact number of votes desired in the 
urban and suburban (jireas^ and more than enough votes in the rural area. (In fact, 
in the rural area, you ^o\ild receive more votes than there are voters.) In order to 
garner these votes, you v<^uld have paid for 20 + 0 + 4 + 9 = 33 thousand dollars 
of advertising. C> 

Naturally, you may wond^Avhefher this strategy is the best possible. That is, 
could you achieve your goals v(HJjle spending less on advertising? Additional trial 
and error might help you to answer this question, but wouldn't you rather have a 
systematic method for answering su«mquestions? In order to develop one, we shall 
formulate this question mathematicaiTv^^e introduce 4 variables: 

• X\ is the number of thousands of doll© spent on advertising on building roads, 

• x 2 is the number of thousands of dollai^^nt on advertising on gun control, 

• x 3 is the number of thousands of dollars srje^^Dn advertising on farm subsidies, 
and q 

• x 4 is the number of thousands of dollars spent outadvertising on a gasoline tax. 
We can write the requirement that we win at least 5O,0OO_urban votes as 

-2xi + 8x 2 + 0x 3 + 10x 4 > 50 . Q 



Similarly, we can write the requirements that we win at L 
votes and 25,000 rural votes as 

5x! + 2x 2 + 0x 3 + 0x 4 > 100 

and 



(29.1) 
100,000 suburban 

(29.2) 



3x! — 5x 2 + 10x 3 — 2x 4 > 25 . 



(29.3) 



Any setting of the variables x 1; x 2 ,x 3 ,x 4 that satisfies inequalities (29.1)-(29.3) 
yields a strategy that wins a sufficient number of each type of vote. In order to 
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keep costs as small as possible, you would like to minimize the amount spent on 
advertising. That is, you want to minimize the expression 

+ x 2 + x 3 + x 4 . (29 A) 

^hough negative advertising often occurs in political campaigns, there is no such 
thrrfg)as negative-cost advertising. Consequently, we require that 



Xi >^^2 > 0, x 3 > 0, and x 4 > 0 . (29.5) 

Combiniw^Xnequalities (29.1)-(29.3) and (29.5) with the objective of minimiz- 
ing (29.4), >^obtain what is known as a "linear program." We format this problem 

minimize xY v\- x 2 + x 3 + x 4 (29.6) 

subject to \» 

-2x t X ^x 2 + 0x 3 + 10x 4 > 50 (29.7) 

5xi +^l*2 + 0x 3 + 0x 4 > 100 (29.8) 

3xi - 5x^\ + 10x 3 - 2x 4 > 25 (29.9) 

JCi,X2,x 3 ,J0 > 0 . (29.10) 

The solution of this linear progrflm^ields your optimal strategy. 
General linear programs 

In the general linear-programming probl^rj^ we wish to optimize a linear function 
subject to a set of linear inequalities. Givent^et of real numbers a Y ,a 2 , . . . ,a„ and 
a set of variables X\ , x 2 , . . . , x„, we define ^^ear function f on those variables 

by O 

f(xi, x 2 , . . . , x„) — ci\X\ + a 2 x 2 + • ■ • + a n x n — ^ a j x j ■ 

If b is a real number and / is a linear function, then the wuation 

/(xi,x 2 ,...,x„) = b 

is a linear equality and the inequalities 

f(x 1 ,x 2 ,...,x n ) < b 
and 

f(xi,x 2 ,...,x n ) > b 
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are linear inequalities. We use the general term linear constraints to denote either 
lineal - equalities or linear inequalities. In linear programming, we do not allow 
•^trict inequalities. Formally, a linear-programming problem is the problem of 
«raer minimizing or maximizing a linear function subject to a finite set of linear 
constraints. If we are to minimize, then we call the linear program a minimization 
linearly rogram, and if we are to maximize, then we call the linear program a 
maximimtion linear program. 

The remainder of this chapter covers how to formulate and solve linear pro- 
grams. Aftrpugh several polynomial-time algorithms for linear programming have 
been developed we will not study them in this chapter. Instead, we shall study the 
simplex algorohm. which is the oldest linear-programming algorithm. The simplex 
algorithm does net run in polynomial time in the worst case, but it is fairly efficient 
and widely used ifvpr^actice. 

An overview of Iinear^r/^pramming 

In order to describe properfps of and algorithms for linear programs, we find it 
convenient to express them n^&anonical forms. We shall use two forms, standard 
and slack, in this chapter. We (^jll define them precisely in Section 29. 1 . Infor- 
mally, a linear program in standard form is the maximization of a linear function 
subject to linear inequalities, wheraefSv a linear program in slack form is the max- 
imization of a linear function subjecTtp>linear equalities. We shall typically use 
standard form for expressing linear programs, but we find it more convenient to 
use slack form when we describe the detarls-of the simplex algorithm. For now, we 
restrict our attention to maximizing a line^nujction on n variables subject to a set 
of m linear inequalities. 



Let us first consider the following linear progf^ai with two variables: 

maximize X\ + x 2 (29.11) 

subject to • 

4x 1 - x 2 < 8 Q (29.12) 

2xi + x 2 < 10 O (29.13) 

5*i - 2x 2 > -2 (29.14) 

x x ,x 2 > 0 . (29.15) 

We call any setting of the variables X\ and x 2 that satisfies all the constraints 
(29.12)-(29.15) & feasible solution to the linear program. If we graph the con- 
straints in the (x l5 x 2 ) -Cartesian coordinate system, as in Figure 29.2(a), we see 
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Figure 29.2 (a) The linear program given in (29.12)-(29.15). Each constraint is represented by 
a line and a direction. The inters^ion of the constraints, which is the feasible region, is shaded, 
(b) The dotted lines show, respeciivaby, the points for which the objective value is 0, 4, and 8. The 
optimal solution to the linear progra^Ms x\ = 2 and x% = 6 with objective value 8. 



IS 



that the set of feasible solutions (kh4ded in the figure) forms a convex region 1 in 
the two-dimensional space. We call\Jris convex region the feasible region and the 
function we wish to maximize the objeQke function. Conceptually, we could eval- 
uate the objective function x 1 + x 2 at ea^ppoint in the feasible region; we call the 
value of the objective function at a particiH^point the objective value. We could 
then identify a point that has the maximum >$b3>ctive value as an optimal solution. 
For this example (and for most linear program^]) the feasible region contains an 
infinite number of points, and so we need to det^Ttiiine an efficient way to find a 
point that achieves the maximum objective value wjfhout explicitly evaluating the 
objective function at every point in the feasible region^. 

In two dimensions, we can optimize via a graphical ptjOl^dure. The set of points 
for which Xj +x 2 = Z, for any z, is a line with a slope of ^£lf we plot X\ +x 2 = 0, 
we obtain the line with slope —1 through the origin, as in Figure 29.2(b). The 
intersection of this line and the feasible region is the set of feasible solutions that 
have an objective value of 0. In this case, that intersection of the line with the 
feasible region is the single point (0, 0). More generally, for any z, the intersection 



An intuitive definition of a convex region is that it fulfills the requirement that for any two points in 
the region, all points on a line segment between them are also in the region. 
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of the line X\ + x 2 = z and the feasible region is the set of feasible solutions that 
have objective value z. Figure 29.2(b) shows the lines X\ + x 2 = 0, X\ + x 2 = 4, 
•^and X\ + x 2 = 8. Because the feasible region in Figure 29.2 is bounded, there 
*riust be some maximum value z for which the intersection of the line X\ + x 2 = z 
andvjhe feasible region is nonempty. Any point at which this occurs is an optimal 
solutjdrc to the linear program, which in this case is the point X\ = 2 and x 2 = 6 
with c5bjEctive value 8. 

It is no/accident that an optimal solution to the linear program occurs at a vertex 
of the feasibJe region. The maximum value of z for which the line X\ + x 2 = z 
intersects the feasible region must be on the boundary of the feasible region, and 
thus the intersection of this line with the boundary of the feasible region is either a 
single vertex or a4ine segment. If the intersection is a single vertex, then there is 
just one optimal solution, and it is that vertex. If the intersection is a line segment, 
every point on that lme segment must have the same objective value; in particular, 
both endpoints of the gment are optimal solutions. Since each endpoint of a 
line segment is a vertex, fpere is an optimal solution at a vertex in this case as well. 

Although we cannot easflWraph linear programs with more than two variables, 
the same intuition holds. If ($ye have three variables, then each constraint corre- 
sponds to a half-space in three-^nensional space. The intersection of these half- 
spaces forms the feasible region, fhe set of points for which the objective function 
obtains a given value z is now a plarfie) (assuming no degenerate conditions). If all 
coefficients of the objective function ar^honnegative, and if the origin is a feasible 
solution to the linear program, then as w^Tpove this plane away from the origin, in 
a direction normal to the objective functiotrpwe find points of increasing objective 
value. (If the origin is not feasible or if sdme coefficients in the objective function 
are negative, the intuitive picture becomes sfmhtfy more complicated.) As in two 
dimensions, because the feasible region is convey the set of points that achieve 
the optimal objective value must include a vertex of the feasible region. Simi- 
larly, if we have n variables, each constraint defines^a half-space in n -dimensional 
space. We call the feasible region formed by the intersection of these half-spaces a 
simplex. The objective function is now a hyperplane ana, because of convexity, an 
optimal solution still occurs at a vertex of the simplex. 

The simplex algorithm takes as input a linear program atfp> returns an optimal 
solution. It starts at some vertex of the simplex and performs a sequence of itera- 
tions. In each iteration, it moves along an edge of the simplex from a current vertex 
to a neighboring vertex whose objective value is no smaller than that of the current 
vertex (and usually is larger.) The simplex algorithm terminates when it reaches 
a local maximum, which is a vertex from which all neighboring vertices have a 
smaller objective value. Because the feasible region is convex and the objective 
function is linear, this local optimum is actually a global optimum. In Section 29.4, 
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we shall use a concept called "duality" to show that the solution returned by the 
simplex algorithm is indeed optimal. 
^\ Although the geometric view gives a good intuitive view of the operations of the 
v^mplex algorithm, we shall not refer to it explicitly when developing the details 
qrfCjhe simplex algorithm in Section 29.3. Instead, we take an algebraic view. We 
fir&^write the given linear program in slack form, which is a set of linear equalities. 
The^Hnear equalities express some of the variables, called "basic variables," in 
terms c^-other variables, called "nonbasic variables." We move from one vertex 
to anotnei>by making a basic variable become nonbasic and making a nonbasic 
variable become basic. We call this operation a "pivot" and, viewed algebraically, 
it is nothingtnpje than rewriting the linear program in an equivalent slack form. 

The two-var*ahle example described above was particularly simple. We shall 
need to address^sfeyeral more details in this chapter. These issues include iden- 
tifying linear programs J;hat have no solutions, linear programs that have no finite 
optimal solution, and^rne^ar programs for which the origin is not a feasible solution. 



Applications of linear pfep^amming 

Linear programming has a laf^ number of applications. Any textbook on opera- 
tions research is filled with examples of linear programming, and linear program- 
ming has become a standard tool^eff^ght to students in most business schools. The 
election scenario is one typical example. Two more examples of linear program- 
ming are the following: ^ q 

• An airline wishes to schedule its fligjjji)erews. The Federal Aviation Adminis- 
tration imposes many constraints, sucft^ limiting the number of consecutive 
hours that each crew member can work ap^Ijhsisting that a particular crew work 
only on one model of aircraft during each m@th. The airline wants to schedule 
crews on all of its flights using as few crew members as possible. 

• An oil company wants to decide where to drill for oil. Siting a drill at a particu- 
lar location has an associated cost and, based on ge(©gical surveys, an expected 
payoff of some number of barrels of oil. The compai(yJhas a limited budget for 
locating new drills and wants to maximize the amount^>oil it expects to find, 
given this budget. 

With linear programs, we also model and solve graph and combinatorial prob- 
lems, such as those appealing in this textbook. We have already seen a special 
case of lineal - programming used to solve systems of difference constraints in Sec- 
tion 24.4. In Section 29.2, we shall study how to formulate several graph and 
network-flow problems as linear programs. In Section 35.4, we shall use linear 
programming as a tool to find an approximate solution to another graph problem. 
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Algorithms for linear programming 

* rfhis chapter studies the simplex algorithm. This algorithm, when implemented 
^cajfefully, often solves general linear programs quickly in practice. With some 
carefully contrived inputs, however, the simplex algorithm can require exponential 
tim^Hie first polynomial-time algorithm for linear programming was the ellipsoid 
algorithm, which runs slowly in practice. A second class of polynomial-time algo- 
rithms sre known as interior-point methods. In contrast to the simplex algorithm, 
which m s along the exterior of the feasible region and maintains a feasible solu- 
tion that is ^^rtex of the simplex at each iteration, these algorithms move through 
the interior feasible region. The intermediate solutions, while feasible, are 

not necessarily "v^tices of the simplex, but the final solution is a vertex. For large 
inputs, interior-po\i$iV algorithms can run as fast as, and sometimes faster than, the 
simplex algorithm. jFrte chapter notes point you to more information about these 
algorithms. y>* 

If we add to a linear program the additional requirement that all variables take 
on integer values, we have^n integer linear program. Exercise 34.5-3 asks you 
to show that just finding aHj&isible solution to this problem is NP-hard; since 
no polynomial-time algorithms^are known for any NP-hard problems, there is no 
known polynomial-time algorithm for integer linear programming. In contrast, we 
can solve a general linear-progran?mk£g problem in polynomial time. 

In this chapter, if we have a linear-program with variables x = (jc l5 x 2 , . . . , x„) 
and wish to refer to a particular setting of the variables, we shall use the notation 
x = (xi, x 2 X n ). 

% 

29.1 Standard and slack forms _ ^MZ - 

°? 

This section describes two formats, standard fornr-and slack form, that are use- 
ful when we specify and work with linear programs'. In standard form, all the 
constraints are inequalities, whereas in slack form, altaonstraints are equalities 
(except for those that require the variables to be nonnegatiWk 

Standard form 

In standard form, we are given n real numbers c x , c 2 , . . . , c n ; m real numbers 
bi, b 2 , ... ,b m ; and mn real numbers ay for i = l,2,...,mand j = 1,2,... ,n. 
We wish to find n real numbers x l5 jc 2 x„ that 
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maximize 



J2 C J X J {29. \6) 



^^bject to 

t$>. ^2a u Xj < bt fori = 1,2,..., m (29.17) 

V 

0 xj > 0 for 7 = 1,2,..., /i . (29.18) 

Generajking the terminology we introduced for the two-variable linear program, 
we call expression (29.16) the objective function and the n + m inequalities in 
lines (29.17>and (29.18) the constraints. The n constraints in line (29.18) are the 
nonnegativity constraints. An arbitrary linear program need not have nonnegativ- 
ity constraints, bu)t standard form requires them. Sometimes we find it convenient 
to express a linear program in a more compact form. If we create an m x n matrix 
A = (fly), an m-vect(5r h = (/3 ; ), an /i-vector c = (cj), and an n-vector x = (Xj), 
then we can rewrite theQihear program defined in (29.16)-(29.18) as 

maximize c T x ^\ (29.19) 
subject to 

Ax < b ^ (29.20) 

x > 0. *vX (29.21) 

In line (29.19), c T x is the inner pro of two vectors. In inequality (29.20), Ax 
is a matrix- vector product, and in ineqCaiity (29.21), x > 0 means that each entry 
of the vector x must be nonnegative. that we can specify a linear program 

in standard form by a tuple (A,b,c), and <^shall adopt the convention that A, b, 
and c always have the dimensions given ab«(^) 

We now introduce terminology to describe so@ions to linear programs. We used 
some of this terminology in the earlier example two-variable linear program. 
We call a setting of the variables x that satisfies all tjie constraints & feasible solu- 
tion, whereas a setting of the variables x. that fails to s^at^sfy at least one constraint 
is an infeasible solution. We say that a solution x has objective value c T x. A fea- 
sible solution x, whose objective value is maximum over afoieasible solutions is an 
optimal solution, and we call its objective value c T x the optimal objective value. 
If a linear program has no feasible solutions, we say that the linear program is in- 
feasible; otherwise it is feasible. If a linear program has some feasible solutions 
but does not have a finite optimal objective value, we say that the linear program 
is unbounded. Exercise 29.1-9 asks you to show that a linear program can have a 
finite optimal objective value even if the feasible region is not bounded. 
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Converting linear programs into standard form 

L t is always possible to convert a linear program, given as minimizing or maxi- 
ing a linear function subject to linear constraints, into standard form. A linear 
6gram might not be in standard form for any of four possible reasons: 

Trip objective function might be a minimization rather than a maximization. 

2. The®might be variables without nonnegativity constraints. 

3. There Snight be equality constraints, which have an equal sign rather than a 
less-thanfoixequal-to sign. 

4. There mighvtje inequality constraints, but instead of having a less-than-or- 
equal-to sign, l^hjy have a greater-than-or-equal-to sign. 

When converting linear program L into another linear program L', we would 
like the property that imal solution to L' yields an optimal solution to L. To 
capture this idea, we sa£ that two maximization linear programs L and L' are 
equivalent if for each fea£Me solution x to L with objective value z, there is 
a corresponding feasible solution x' to L' with objective value z, and for each 
feasible solution x' to L' with ^Jective value z, there is a corresponding feasible 
solution x to L with objective va^ue z. (This definition does not imply a one-to- 
one correspondence between feasitd^olutions.) A minimization linear program L 
and a maximization linear program L\j&& equivalent if for each feasible solution x, 
to L with objective value z, there is a cojT^ponding feasible solution x' to L' with 
objective value — z, and for each feasible solution x' to L' with objective value z, 
there is a corresponding feasible solution "VrorL with objective value — z. 

We now show how to remove, one by one/^feh of the possible problems in the 
list above. After removing each one, we shall argue that the new linear program is 
equivalent to the old one. y\ 

To convert a minimization linear program L into an equivalent maximization lin- 
ear program L', we simply negate the coefficients in fhe objective function. Since 
L and L' have identical sets of feasible solutions and, fcOtw feasible solution, the 
objective value in L is the negative of the objective valuejh L', these two linear 
programs are equivalent. For example, if we have the linear ppgram 

minimize — 2x\ + 3x 2 
subject to 

X\ + x 2 = 1 
Xi — 2x 2 < 4 
xi > 0 , 



and we negate the coefficients of the objective function, we obtain 
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maximize 2xi — 3x 2 
subject to 

\& ; x x + X 2 = 7 

x x — 2x 2 < 4 
Xi > 0 



i 



we show how to convert a linear program in which some of the variables 
do not Wave nonnegativity constraints into one in which each variable has a non- 
negativity^eenstraint. Suppose that some variable Xj does not have a nonnegativity 
constraint. x TJ>en, we replace each occurrence of Xj by x'j — x'j, and add the non- 
negativity constraints xj > 0 and x'j > 0. Thus, if the objective function has a 
term CjXj, wetfeoliice it by CjXj — CjX'J, and if constraint i has a term a^Xj, we 
replace it by a, ; xy -^3 ;/ x". Any feasible solution x to the new linear program cor- 
responds to a feasible solution x to the original linear program with Xj = x'j — x'j 
and with the same olaje&ive value. Also, any feasible solution x to the original 
linear program correspond^ to a feasible solution x to the new linear program with 
x'j = Xj and x'j = 0 if xy^J), or with x'j = Xj and xj = 0 if x 7 < 0. The two 
linear programs have the sajjie objective value regardless of the sign of x 7 . Thus, 
the two linear programs are e^ivalent. We apply this conversion scheme to each 
variable that does not have a noaneaativity constraint to yield an equivalent linear 
program in which all variables ha^e)ionnegativity constraints. 

Continuing the example, we want^o^ensure that each variable has a correspond- 
ing nonnegativity constraint. Variable ^Tjhas such a constraint, but variable x 2 does 
not. Therefore, we replace x 2 by two varj(Sb4 es x' 2 and x' 2 ' , and we modify the linear 
program to obtain * C\ 

O 



maximize 2xi — 3x' 2 + 3x' 2 ' 
subject to 



+ x' - x 2 = 7 <^ (29.22) 



x x - 2x' 2 + 2x 2 < 4 



Next, we convert equality constraints into inequality cot^aints. Suppose that a 

linear program has an equality constraint /(xx,x 2 x n ) = b. Since x = y if 

and only if both x > y and x < y, we can replace this equality constraint by the 
pair of inequality constraints f(x\, x 2 , . . . , x n ) < b and f (x\, x 2 , . . . , x n ) > b. 
Repeating this conversion for each equality constraint yields a linear program in 
which all constraints are inequalities. 

Finally, we can convert the greater-than-or-equal-to constraints to less-than-or- 
equal-to constraints by multiplying these constraints through by — 1 . That is, any 
inequality of the form 
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ts^quivalent to 

7 = 1 0 

Thus, by replacing each coefficient a,j by —ay and each value b, by — Z?, , we obtain 
an equivalertf4e^«-than-or-equal-to constraint. 

Finishing o^iraxample, we replace the equality in constraint (29.22) by two in- 
equalities, obtainjng^ 

maximize 2x\ — ^\3x 2 + 3x 2 
subject to y> 

X l + & ~ X 2 < 7 

Xi + x 2 <£>- x 2 ' > 7 (29.23) 

Xi - 2X2 2jC 2 < 4 

X!,X 2 ,X 2 ' 0 > 0 . 

Finally, we negate constraint (29.2*^ For consistency in variable names, we re- 
name x' 2 to x 2 and x' 2 ' to x 3 , obtaining^th^ standard form 

maximize 2x x — 3x 2 + 3x 3 O (29.24) 
subject to 

Xi + x 2 - x 3 < (29.25) 

-X! - x 2 + x 3 < 4) (29.26) 

Xx - 2x 2 + 2x 3 < 4 -X (29.27) 

Xi.X2.X3 > 0 . (29.28) 

o 

Converting linear programs into slack form Q 

To efficiently solve a linear program with the simplex algorism, we prefer to ex- 
press it in a form in which some of the constraints are equality constraints. More 
precisely, we shall convert it into a form in which the nonnegativity constraints are 
the only inequality constraints, and the remaining constraints are equalities. Let 

n 

J2 a u x J- b ' < 29 - 29 ) 

./ = 1 
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be an inequality constraint. We introduce a new variable s and rewrite inequal- 
ity (29.29) as the two constraints 

= bi-j2 a ij x J> ( 29 - 3 °) 

s 0 . (29.31) 

We \ a M because „ measures the ** or difference, between 

the left-ramd and right-hand sides of equation (29.29). (We shall soon see why we 
find it convenient to write the constraint with only the slack variable on the left- 
hand side.) "because inequality (29.29) is true if and only if both equation (29.30) 
and inequality\£29.31) are true, we can convert each inequality constraint of a lin- 
ear program in ay to obtain an equivalent linear program in which the only 
inequality constraints are the nonnegativity constraints. When converting from 
standard to slack fort^ we shall use x n+i (instead of s) to denote the slack variable 
associated with the /fh(fnequality. The zth constraint is therefore 

x n+i = bi - J2 a a x > ' <^ ( 29 - 32 ) 

0 

along with the nonnegativity constraint x n+i > 0. 

By converting each constraint 6uLa linear program in standard form, we obtain a 
linear program in a different form. ^<5r example, for the linear program described 
in (29.24)-(29.28), we introduce slack(v^riables x 4 , x 5 , and x 6 , obtaining 



maximize 2xi ^^^ 2 + 3x3 (29.33) 
subject to 

x 4 = 7 - Xi - *2p.+ x 3 (29.34) 

x 5 = -7 + Xi + x 2 ^\ x 3 (29.35) 

x 6 = 4 — Xi + 2x 2 — 2x 3 (29.36) 

x 1 ,X2,X3,X4,x 5 ,x 6 > 0 . (^i. (29.37) 

In this linear program, all the constraints except for theWjanegativity constraints 
are equalities, and each variable is subject to a nonnegativf^y* constraint. We write 
each equality constraint with one of the variables on the left-hand side of the equal- 
ity and all others on the right-hand side. Furthermore, each equation has the same 
set of variables on the right-hand side, and these variables are also the only ones 
that appear in the objective function. We call the variables on the left-hand side of 
the equalities basic variables and those on the right-hand side nonbasic variables. 

For linear programs that satisfy these conditions, we shall sometimes omit the 
words "maximize" and "subject to," as well as the explicit nonnegativity con- 
straints. We shall also use the variable z to denote the value of the objective func- 
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tion. We call the resulting format slack form. If we write the linear program given 
in (29.33)-(29.37) in slack form, we obtain 

= 2xi - 3x 2 + 3x 3 (29.38) 

iwj= 7 — xi — x 2 + x 3 (29.39) 

x 5 \^ -7 + x-i + x 2 - x 3 (29.40) 

jc 6 =(^) 4 - x x + 2x 2 - 2x 3 . (29.41) 

As witrt^tandard form, we find it convenient to have a more concise notation 
for describing a slack form. As we shall see in Section 29.3, the sets of basic and 
nonbasic variables will change as the simplex algorithm runs. We use TV to denote 
the set of indices^of the nonbasic variables and B to denote the set of indices of 
the basic variablekj^We always have that \N\ = n, \B\ = m, and N U B = 
{1, 2, . . . , n + m). "Bfte equations are indexed by the entries of B, and the variables 
on the right-hand sides^eindexed by the entries of ./V . As in standard form, we use 
hi, Cj, and fly to denote <£onstant terms and coefficients. We also use v to denote 
an optional constant term i(£the objective function. (We shall see a little later that 
including the constant term ir(me objective function makes it easy to determine the 
value of the objective function^JThus we can concisely define a slack form by a 
tuple (N, B, A,b,c,v), denoting fjie slack form 

Z = v + J^CjXj ^> (29.42) 

£T o 

Xt = bj — 2_. a u x i f° r i e B ' (\ (29.43) 

in which all variables x are constrained to b^@nnegative. Because we subtract 
the sum X)/6JV a U x J m (29.43), the values fly @ actually the negatives of the 
coefficients as they "appeal - " in the slack form. 

For example, in the slack form , 

\ 



z 


= 28 


x 3 
6 




x 5 
6 


2X6 

~r 


Xi 


= 8 


X3 

+ ~6 


+ 


x 5 
6 


X6 

T 


x 2 


= 4 


8x3 
3 




2x 5 
3 


x 6 

y 


X4 


= 18 


X3 
2 


+ 


x 5 
2 





we have B = {1,2,4}, N = {3,5,6}, 
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<3l3 <3i5 
«43 fl45 





*3->c 5 c 6 )' = (-1/6 -1/6 -2/3 ) T , and v = 28. Note that the 
indices intvA^Jj, and c are not necessarily sets of contiguous integers; they depend 
on the indeiCsejjS B and N . As an example of the entries of A being the negatives 
of the coeffici&pts as they appeal - in the slack form, observe that the equation for X\ 
includes the terASb/6, yet the coefficient a 13 is actually — 1/6 rather than +1/6. 

\>- 

Exercises \ „ 

<\ 

29.1-1 /> 

If we express the linear pr^ram in (29.24)-(29.28) in the compact notation of 
(29.19)-(29.21), what are ri^i^yA, b, and c? 

29.1-2 • 2 

Give three feasible solutions to the4inmr program in (29.24)-(29.28). What is the 
objective value of each one? \ 

o 

29.1-3 rx 

For the slack form in (29.38)-(29.41), wna^e N, B, A, b, c, and v? 
29.1-4 

Convert the following linear program into stanaaT^orm: 

minimize 2x x + lx 2 + x 3 • 

subject to O" 
Xi - x 3 = 7 Q 

3x x + x 2 > 24 vj> 

x 2 > 0 

x 3 < 0 . 
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29.1-5 

Convert the following linear program into slack form: 

^maximize 2x\ — 6x 3 
sSMept to 

Xi + x 2 - x 3 < 1 

0 3xi - x 2 > 8 

0-*i + 2x 2 +2x 3 > 0 

v^) Xi,x 2 ,x 3 > 0 . 



<1 



What are the oasj^ and nonbasic variables? 

Show that the following linear program is infeasible: 

maximize 3.x ! — x ^ 2 
subject to 

xi + xf^ 2 
— 2xi — 2x 2 ^ — 10 
xi,x 2 >. 0 . 

29 J -7 

Show that the following linear program (s)inbounded: 

maximize Xi — x 2 xjr , 
subject to 

-2jci + x 2 < -1 p> 
-Xi - 2x 2 < -2 A 
X\,x 2 > 0 . # 

Suppose that we have a general linear program with n variabj^ and m constraints, 
and suppose that we convert it into standard form. Give an upper bound on the 
number of variables and constraints in the resulting linear program. 

29.1-9 

Give an example of a linear program for which the feasible region is not bounded, 
but the optimal objective value is finite. 
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29.2 Formulating problems as linear programs 

^^Although we shall focus on the simplex algorithm in this chapter, it is also impor- 
ts^ tp be able to recognize when we can formulate a problem as a linear program. 
On<5e)we cast a problem as a polynomial-sized linear program, we can solve it 
in po^omial time by the ellipsoid algorithm or interior-point methods. Several 
linear-pfdgramming software packages can solve problems efficiently, so that once 
the problQifhis in the form of a linear program, such a package can solve it. 

We shalTjgj&k at several concrete examples of linear-programming problems. We 
start with twq^oblems that we have already studied: the single-source shortest- 
paths problem Xsqs Chapter 24) and the maximum-flow problem (see Chapter 26). 
We then describe^th^ minimum-cost-flow problem. Although the minimum-cost- 
flow problem has apoly-nomial-time algorithm that is not based on linear program- 
ming, we won't descMba^he algorithm. Finally, we describe the multicommodity- 
flow problem, for which the only known polynomial-time algorithm is based on 
linear programming. 

When we solved graph problems in Part VI, we used attribute notation, such 
as v.d and (u,v).f. Linear ^bgrams typically use subscripted variables rather 
than objects with attached attributes*, however. Therefore, when we express vari- 
ables in linear programs, we shariyjjdicate vertices and edges through subscripts. 
For example, we denote the shortest\path weight for vertex v not by v.d but by d v . 
Similarly, we denote the flow from vei(£e)t u to vertex v not by (u, v).f but by f uv . 
For quantities that are given as inputs toji)}blems, such as edge weights or capac- 
ities, we shall continue to use notations su^Kp&s w(u, v) and c(u.v). 

Shortest paths Q 

We can formulate the single-source shortest-patn^problem as a linear program. 
In this section, we shall focus on how to formulatS the single-pair shortest-path 
problem, leaving the extension to the more general single-source shortest-paths 
problem as Exercise 29.2-3. v-^> 

In the single-pair shortest-path problem, we are given a w^ghted, directed graph 
G = (V, E), with weight function w : E — > R mapping edges to real-valued 
weights, a source vertex s, and destination vertex t. We wish to compute the 
value d t , which is the weight of a shortest path from s to t. To express this prob- 
lem as a linear program, we need to determine a set of variables and constraints that 
define when we have a shortest path from s to t. Fortunately, the Bellman-Ford al- 
gorithm does exactly this. When the Bellman-Ford algorithm terminates, it has 
computed, for each vertex v, a value d v (using subscript notation here rather than 
attribute notation) such that for each edge (u, v) e E, we have d v < d u + w(u,v). 
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The source vertex initially receives a value d s = 0, which never changes. Thus 
we obtain the following linear program to compute the shortest-path weight from s 

(29.44) 

< d u + w(u, v) for each edge (u, v) e E , (29.45) 
= 0. (29.46) 

You migfrt^fje surprised that this linear program maximizes an objective function 
when it is supposed to compute shortest paths. We do not want to minimize the 
objective funcuon. since then setting d v = 0 for all v e V would yield an optimal 
solution to the linear program without solving the shortest-paths problem. We 
maximize becauseOtkoptimal solution to the shortest-paths problem sets each d v 
to min u: ( u V ) S£: \d u -\.w(u, v)}, so that d v is the largest value that is less than or 
equal to all of the vahJesJn the set [d u + w(u, v)}. We want to maximize d v 
for all vertices v on a shortest path from s to t subject to these constraints on all 
vertices v, and maximizing^ achieves this goal. 

This linear program has | ^variables d v , one for each vertex v e V. It also 
has \E\ + 1 constraints: one fd^ach edge, plus the additional constraint that the 
source vertex's shortest-path weight always has the value 0. 

Maximum flow 

Next, we express the maximum-flow promem as a linear program. Recall that we 
are given a directed graph G = (V, Ef^K which each edge (u,v) € E has a 
nonnegative capacity c(u, v) > 0, and two distinguished vertices: a source s and 
a sink t. As defined in Section 26.1, a flow is Vponnegative real-valued function 
/ : V x V —>-M. that satisfies the capacity consWijrt and flow conservation. A 
maximum flow is a flow that satisfies these constraints and maximizes the flow 
value, which is the total flow coming out of the source»minus the total flow into the 
source. A flow, therefore, satisfies linear constraints, a ^the value of a flow is a 
lineal - function. Recalling also that we assume that c(u, i^Dk 0 if (u, v) $ E and 
that there are no antiparallel edges, we can express the maxTtmlm-fiow problem as 
a linear program: 

- Z)/" (29 - 47) 



maximize 



v€V veV 



subject to 



fuv < c(u,v) for each u,v 6 V , (29.48) 

= H-f™ for each M € V-{s,t} , (29.49) 

v€V veV 

f uv > 0 for each u,v 6 V . (29.50) 
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2 

This lineal - program has | V \ variables, corresponding to the flow between each 

i 1 2 

pair of vertices, and it has 2 1 V\ + | V\ — 2 constraints. 

It is usually more efficient to solve a smaller-sized linear program. The linear 
v'nrogram in (29.47)-(29.50) has, for ease of notation, a flow and capacity of 0 for 
^a£h pair of vertices u, v with (u, v) $ E. It would be more efficient to rewrite the 
linf^K program so that it has 0(V + E) constraints. Exercise 29.2-5 asks you to 
do 

Minimui^ost flow 

In this sectfon,we have used linear programming to solve problems for which we 
already knew e<mcient algorithms. In fact, an efficient algorithm designed specif- 
ically for a pror>&m» such as Dijkstra's algorithm for the single-source shortest- 
paths problem, or (pe push-relabel method for maximum flow, will often be more 
efficient than linear programming, both in theory and in practice. 

The real power of linear programming comes from the ability to solve new prob- 
lems. Recall the problen^|siced by the politician in the beginning of this chapter. 
The problem of obtaining <asufficient number of votes, while not spending too 
much money, is not solved bj^ny of the algorithms that we have studied in this 
book, yet we can solve it by linear programming. Books abound with such real- 
world problems that linear programming can solve. Linear programming is also 
particularly useful for solving variantsArf problems for which we may not already 
know of an efficient algorithm. ^ 

Consider, for example, the following"gjeneralization of the maximum-flow prob- 
lem. Suppose that, in addition to a capacity, c (u , v) for each edge (u, v), we are 
given a real-valued cost a (u, v). As in the m«ximum-flow problem, we assume that 
c(u, v) — 0 if (u, v) $ E, and that there areneLantiparallel edges. If we send f uv 
units of flow over edge (u, v), we incur a cost m)aiu, v)f uv . We are also given a 
flow demand d . We wish to send d units of flow from s to t while minimizing the 
total cost v)s£ a(u, v)f uv incurred by the flow. •This problem is known as the 
minimum-cost-flow problem. 

Figure 29.3(a) shows an example of the minimum-co@low problem. We wish 
to send 4 units of flow from s to t while incurring the nfi^jnum total cost. Any 
particular legal flow, that is, a function / satisfying constraints (29.48)-(29.49), 
incurs a total cost of Ylc u v)se a ( u ^ v )fuv We wish to find the particular 4-unit 
flow that minimizes this cost. Figure 29.3(b) shows an optimal solution, with total 
c « st £ (u , v)6£ a(u, v)f uv = (2 • 2) + (5 ■ 2) + (3 • 1) + (7 • 1) + (1 ■ 3) = 27. 

There are polynomial-time algorithms specifically designed for the minimum- 
cost-flow problem, but they are beyond the scope of this book. We can, however, 
express the minimum-cost-flow problem as a linear program. The linear program 
looks similar to the one for the maximum-flow problem with the additional con- 
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(b) 



Figure 29.3 y^) An example of a minimum-cost-fiow problem. We denote the capacities by c and 
the costs by a. Ve>tex s is the source and vertex t is the sink, and we wish to send 4 units of flow 
from stot. (b) A\oJjilion to the minimum-cost flow problem in which 4 units of flow are sent from s 
to t. For each edge, #fe flow and capacity are written as flow/capacity. 

straint that the valued ofvthe flow be exactly d units, and with the new objective 
function of minimizinguhj^cost: 



minimize 



subject to 



(u,v)eE 

^ ' fvu ~ ^ ' fuv 

veV veV 



(29.51) 



c(u, v) 



for each u , 
for each w 



e V, 
V-{s,t} 



veV 



veV 



fuv 



> 



v 

o 



E 7 . 



(29.52) 



Multicommodity flow 

As a final example, we consider another flow problem. Suppose that the Lucky 
Puck company from Section 26.1 decides to diversify its product line and ship 
not only hockey pucks, but also hockey sticks and hocl^y^ helmets. Each piece of 
equipment is manufactured in its own factory, has its ov(n)warehouse, and must 
be shipped, each day, from factory to warehouse. The sticK^re manufactured in 
Vancouver and must be shipped to Saskatoon, and the helmets are manufactured in 
Edmonton and must be shipped to Regina. The capacity of the shipping network 
does not change, however, and the different items, or commodities, must share the 
same network. 

This example is an instance of a multicommodity -flow problem. In this problem, 
we are again given a directed graph G = (V, E) in which each edge (u, v) e E 
has a nonnegative capacity c(u, v) > 0. As in the maximum-flow problem, we im- 
plicitly assume that c(u, v) = 0 for (u, v) $ E, and that the graph has no antipar- 
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allel edges. In addition, we are given k different commodities, Ki, K 2 , . . . , K^, 
where we specify commodity i by the triple K t = {si,ti,di). Here, vertex Si is 
\§\ the source of commodity i , vertex ti is the sink of commodity i , and d t is the de- 
V'niand for commodity i , which is the desired flow value for the commodity from s, 
toA. We define a flow for commodity i, denoted by f t , (so that f iuv is the flow of 
coijaraodity i from vertex u to vertex v) to be a real-valued function that satisfies 
the -conservation and capacity constraints. We now define f uv , the aggregate 
flow, teyifts the sum of the various commodity flows, so that f uv = X];=i fiuv The 
aggregate^flow on edge (u, v) must be no more than the capacity of edge (u, v). 
We are nor trying to minimize any objective function in this problem; we need 
only determmeAvhefher such a flow exists. Thus, we write a linear program with a 
"null" objective function: 



minimize 
subject to 




< c(u,v) for each u, v 6 V , 



y, fiuv — /jffivu = 0 far each i = 1,2, ... and 

veV veV for each w g V-{s it tt} , 

X f' s i' v ~ X fwt di for each i = 2 k > 

veV vsV /*~\ 

fuv > /©v f° r eacn u,v € V and 

for each i = 1, 2, . . . , k . 

The only known polynomial-time algorithirftf&tihis problem expresses it as a linear 
program and then solves it with a polynomial-tiG^inear-programming algorithm. 

Exercises • 

o 

29.2-1 O 

Put the single-pair shortest-path linear program from (29.44^(29.46) into standard 
form. 

29.2-2 

Write out explicitly the linear program corresponding to finding the shortest path 
from node s to node y in Figure 24.2(a). 

29.2-3 

In the single-source shortest-paths problem, we want to find the shortest-path 
weights from a source vertex s to all vertices v e V . Given a graph G, write a 
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lineal - program for which the solution has the property that a v is the shortest-path 
, weight from s to v for each vertex v e V. 

Wme out explicitly the linear program corresponding to finding the maximum flow 
in Pi^'e 26.1(a). 

29.2-5 (\> 

Rewrite t§)linear program for maximum flow (29.47)-(29.50) so that it uses only 
0(V + £)<£)nstraints. 

V 

29.2-6 

Write a linear program that, given a bipartite graph G = (V, E), solves the maxi- 
mum-bipartite-matchi*{g problem. 



29.2-7 \* 

In the minimum-cost mutficpmrnodity-flow problem, we are given directed graph 
G = (V, E) in which each^lgg. (u, v) e E has a nonnegative capacity c(u, v) > 0 
and a cost a(u, v). As in the(multicommodity-flow problem, we are given k dif- 
ferent commodities, K Y ,K 2 ,. .§Kk, where we specify commodity i by the triple 
K, = (st , ti ,di). We define the floiv /^for commodity i and the aggregate flow f uv 
on edge (u, v) as in the multicoim@dity-flow problem. A feasible flow is one 
in which the aggregate flow on each^d^e (u, v) is no more than the capacity of 
edge (u,v). The cost of a flow is J2 U i(gD fl ( M ' y ) and the goal is to find the 
feasible flow of minimum cost. Express th/s^oroblem as a linear program. 

s^L 

29.3 The simplex algorithm O^, 

The simplex algorithm is the classical method for soMnglinear programs. In con- 
trast to most of the other algorithms in this book, its runmngtime is not polynomial 
in the worst case. It does yield insight into linear programs/however, and is often 
remarkably fast in practice. 

In addition to having a geometric interpretation, described earlier in this chapter, 
the simplex algorithm bears some similarity to Gaussian elimination, discussed in 
Section 28.1. Gaussian elimination begins with a system of linear equalities whose 
solution is unknown. In each iteration, we rewrite this system in an equivalent 
form that has some additional structure. After some number of iterations, we have 
rewritten the system so that the solution is simple to obtain. The simplex algo- 
rithm proceeds in a similar manner, and we can view it as Gaussian elimination for 
inequalities. 
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We now describe the main idea behind an iteration of the simplex algorithm. 
Associated with each iteration will be a "basic solution" that we can easily obtain 
from the slack form of the linear program: set each nonbasic variable to 0 and 
v^oompute the values of the basic variables from the equality constraints. An iteration 
(rehverts one slack form into an equivalent slack form. The objective value of the 
ass^Sated basic feasible solution will be no less than that at the previous iteration, 
and y vKaally greater. To achieve this increase in the objective value, we choose a 
nonbaSi^yariable such that if we were to increase that variable's value from 0, then 
the objeeH*e value would increase, too. The amount by which we can increase 
the variable i&Hmi ted by the other constraints. In particular, we raise it until some 
basic variable becomes 0. We then rewrite the slack form, exchanging the roles 
of that basic variable and the chosen nonbasic variable. Although we have used a 
particular settingvoijthe variables to guide the algorithm, and we shall use it in our 
proofs, the algorithm do.es not explicitly maintain this solution. It simply rewrites 
the linear program uhpl an optimal solution becomes "obvious." 

V 

An example of the simpie^ilgorithm 

We begin with an extended ^S^mple. Consider the following linear program in 
standard form: 

maximize 3xi + x 2 + (29.53) 
subject to 

3x 3 vJ< 30 (29.54) 

5Xt (29.55) 

2x 3 <^34 (29.56) 

> 0Q (29 - 57) 
In order to use the simplex algorithm, we musCxbnvert the linear program into 
slack form; we saw how to do so in Section 29.1. In»addition to being an algebraic 
manipulation, slack is a useful algorithmic concept, trailing from Section 29.1 
that each variable has a corresponding nonnegativity distraint, we say that an 
equality constraint is tight for a particular setting of its n^masic variables if they 
cause the constraint's basic variable to become 0. Similarly, a setting of the non- 
basic variables that would make a basic variable become negative violates that 
constraint. Thus, the slack variables explicitly maintain how far each constraint is 
from being tight, and so they help to determine how much we can increase values 
of nonbasic variables without violating any constraints. 

Associating the slack variables x 4 , x 5 , and x 6 with inequalities (29.54)-(29.56), 
respectively, and putting the linear program into slack form, we obtain 



3xi + 


x 2 


+ 


Xj + 


x 2 


+ 


2xi + 


2x 2 


+ 


4*i + 


x 2 


+ 


Xi, X2, X3 
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3*1 + x 2 + 2x 3 (29.58) 

= 30 - x 1 - x 2 - 3x 3 (29.59) 

= 24 -2*i - 2x 2 - 5x 3 (29.60) 

36 - 4*j - * 2 - 2x 3 ■ (29.61) 

Thc^tem of constraints (29.59)-(29.61) has 3 equations and 6 variables. Any 
setting the variables * 1; * 2 , and * 3 defines values for * 4 , * 5 , and x 6 ; therefore, 
we have zjSTvinfinite number of solutions to this system of equations. A solution is 
feasible if alfpf *i,* 2 , . . . ,*6 are nonnegative, and there can be an infinite num- 
ber of feasiBte^olutions as well. The infinite number of possible solutions to a 
system such as Ms one will be useful in later proofs. We focus on the basic solu- 
tion: set all the (rawhasic) variables on the right-hand side to 0 and then compute 
the values of the ^bWe) variables on the left-hand side. In this example, the ba- 
sic solution is (x 1? x^, .y , X&) = (0,0,0,30,24,36) and it has objective value 
Z = (3 • 0) + (1 ■ 0) -K\2U)) = 0. Observe that this basic solution sets x, = b, 
for each i e B. An iterafton>of the simplex algorithm rewrites the set of equations 
and the objective function($6\as to put a different set of variables on the right- 
hand side. Thus, a different biJsic solution is associated with the rewritten problem. 
We emphasize that the rewrite not in any way change the underlying linear- 
programming problem; the problem at>one iteration has the identical set of feasible 
solutions as the problem at the pr£@ms iteration. The problem does, however, 
have a different basic solution than th s^f the previous iteration. 

If a basic solution is also feasible, we £a)l it a basic feasible solution. As we run 
the simplex algorithm, the basic solution is(a]irnost always a basic feasible solution. 
We shall see in Section 29.5, however, thaffc^rjfae first few iterations of the simplex 
algorithm, the basic solution might not be feasifte. 

Our goal, in each iteration, is to reformulate mpWnear program so that the basic 
solution has a greater objective value. We selecTaKjionbasic variable x e whose 
coefficient in the objective function is positive, andwe increase the value of x e as 
much as possible without violating any of the constraints^-The variable x e becomes 
basic, and some other variable X/ becomes nonbasic. TnieL values of other basic 
variables and of the objective function may also change, 

To continue the example, let's think about increasing the^alue of x 1 . As we 
increase x Y , the values of x 4 , x 5 , and x 6 all decrease. Because we have a nonnega- 
tivity constraint for each variable, we cannot allow any of them to become negative. 
If X\ increases above 30, then x 4 becomes negative, and x 5 and x 6 become nega- 
tive when Xi increases above 12 and 9, respectively. The third constraint (29.61) is 
the tightest constraint, and it limits how much we can increase *i. Therefore, we 
switch the roles of X\ and x 6 . We solve equation (29.61) for Xi and obtain 

Xo X3 Xft 

x 1 = 9- — - — - — . (29.62) 
4 2 4 
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x 3 
2 




3x 6 
4 


(29.64) 


2 




X6 


(29.65) 


5x 3 
2 


+ 


T 


(29.66) 


4x 3 


+ 


x 6 
2 


(29.67) 



To rewrite the other equations with x 6 on the right-hand side, we substitute for Xi 
using equation (29.62). Doing so for equation (29.59), we obtain 

^V> 4 = 30 — X\ — x 2 — 3x 3 

V -,n (n x 2 x 3 x 6 \ 

a.n = 30- 9 x 2 - 3x 3 

V 4 2 4 / 

^ 21 --r-^ + f ■ (29 - 63) 

Similar(^)we combine equation (29.62) with constraint (29.60) and with objective 
function (^.58) to rewrite our linear program in the following form: 

z = 27 \A fi + £ - 

* - 9 - <v 

3*f 

x 4 = 21 - 

* 5 = 6 - — <^ 
We call this operation a pivot^is demonstrated above, a pivot chooses a nonbasic 
variable x e , called the entering variable, and a basic variable X/, called the leaving 
variable, and exchanges their role^T) 

The linear program described in ^qliations (29.64)-(29.67) is equivalent to the 
linear program described in equations ^2^.58)— (29.61). We perform two operations 
in the simplex algorithm: rewrite equatiof!s)§o that variables move between the left- 
hand side and the right-hand side, and suBst^pJe one equation into another. The first 
operation trivially creates an equivalent profrfem, and the second, by elementary 
linear algebra, also creates an equivalent problem* (See Exercise 29.3-3.) 

To demonstrate this equivalence, observe thaF^r original basic solution (0, 0, 
0,30,24,36) satisfies the new equations (29.65)-X29.67) and has objective value 
27 + (1/4) ■ 0 + (1/2) ■ 0 - (3/4) ■ 36 = 0. The basic^solution associated with the 
new lineal - program sets the nonbasic values to 0 and rs CSL 0, 0, 21, 6, 0), with ob- 
jective value z = 27. Simple arithmetic verifies that nM^solution also satisfies 
equations (29.59)-(29.61) and, when plugged into objectiv^Pfunction (29.58), has 
objective value (3 ■ 9) + (1 ■ 0) + (2 ■ 0) = 27. 

Continuing the example, we wish to find a new variable whose value we wish to 
increase. We do not want to increase x 6 , since as its value increases, the objective 
value decreases. We can attempt to increase either x 2 or x 3 ; let us choose x 3 . How 
far can we increase x 3 without violating any of the constraints? Constraint (29.65) 
limits it to 18, constraint (29.66) limits it to 42/5, and constraint (29.67) limits 
it to 3/ 2. The third constraint is again the tightest one, and therefore we rewrite 
the third constraint so that x 3 is on the left-hand side and x 5 is on the right-hand 
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side. We then substitute this new equation, x 3 = 3/2 — 3x 2 /8 — x 5 /4 + x 6 /8, into 
equations (29.64)-(29.66) and obtain the new, but equivalent, system 

0> 111 

4r ~ 

x^ 33 

1 v ^ 

<S> 3 

*3 = 




x 2 
16 




x 5 
8 


llx 6 
16 


(29.68) 


x 2 
16 


+ 


A'5 

8 


5X6 

16" 


(29.69) 


3x 2 
~8~ 




x 5 
4 


+ 7 


(29.70) 


3x 2 
~I6~ 


+ 


5x 5 
IT 


16 


(29.71) 



A" 4 

This system ha^^e associated basic solution (33/4,0,3/2,69/4,0,0), with ob 
jective value 111^^ Now the only way to increase the objective value is to in- 
crease x 2 . The three(£onstraints give upper bounds of 132, 4, and oo, respectively. 
(We get an upper bound^bf oo from constraint (29.71) because, as we increase x 2 , 
the value of the basic vai(fable x 4 increases also. This constraint, therefore, places 
no restriction on how much^we can increase x 2 .) We increase x 2 to 4, and it be- 
comes nonbasic. Then we so^ equation (29.70) for x 2 and substitute in the other 
equations to obtain ^ 

X 3 Xj . 2X6 

~6 ~ ItJ ,1 



X-x 

x, = 8 + T + - X Qj (29.73) 

4 " f " f + ^ 
x 4 = 18 - ^ + ^ . <<b (29.75) 

2 2 o 

At this point, all coefficients in the objective functiorf^ire negative. As we shall see 
later in this chapter, this situation occurs only when we have rewritten the linear 
program so that the basic solution is an optimal solution*. Thus, for this problem, 
the solution (8,4,0, 18,0,0), with objective value 28,Ms^optimal. We can now 
return to our original linear program given in (29.53)-(293jl The only variables 
in the original linear program are Xi, x 2 , and x 3 , and so oui^olution is Xi = 8, 
x 2 = 4, and x 3 = 0, with objective value (3 ■ 8) + (1 ■ 4) + (2 ■ 0) = 28. Note 
that the values of the slack variables in the final solution measure how much slack 
remains in each inequality. Slack variable x 4 is 18, and in inequality (29.54), the 
left-hand side, with value 8 + 4 + 0= 12, is 18 less than the right-hand side of 30. 
Slack variables x 5 and x 6 are 0 and indeed, in inequalities (29.55) and (29.56), 
the left-hand and right-hand sides are equal. Observe also that even though the 
coefficients in the original slack form are integral, the coefficients in the other 
linear programs are not necessarily integral, and the intermediate solutions are not 
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necessarily integral. Furthermore, the final solution to a linear program need not 
be integral; it is purely coincidental that this example has an integral solution. 

'^Pivoting 

\^#&w formalize the procedure for pivoting. The procedure Pivot takes as in- 
put ^slack form, given by the tuple (N, B, A,b,c , v), the index / of the leav- 
ing variable X/, and the index e of the entering variable x e . It returns the tuple 
(N , B, ?L£. c , v) describing the new slack form. (Recall again that the entries of 
the m x n matrices A and A are actually the negatives of the coefficients that appear 
in the slack wrm.) 

Pivot (N, B, AWc^v, 1, e) 

1 // Compute the coefficients of the equation for new basic variable x e . 

2 let A be a new mxm matrix 

3 b e = bi/ai e 



4 for each j € N — {£f^> 

5 a ej - = aij/ai e 



6 a e i = 1 /die 

7 // Compute the coefficients ofahe remaining constraints. 

8 for each i e B - {/} O v 

9 bj = bi - a ie b e \ 

10 for each j 6 N - {e} O 

11 CLij = Cljj — Clj e Clej 

12 a a = -a ie a e i \5\ 

13 // Compute the objective function. 

14 v = v + 

15 for each j e N - {e} O 

16 Cj = Cy C e Cl e j % 

17 C/ = -C e fl e ; Q. 

18 // Compute new sets of basic and nonbasic variables} 

19 N = N-{e}U{/} ^> 

20 B = B - {/} U {e} 

21 return (N, B, A, b, c, v) 

Pivot works as follows. Lines 3-6 compute the coefficients in the new equation 
for x e by rewriting the equation that has %i on the left-hand side to instead have x e 
on the left-hand side. Lines 8-12 update the remaining equations by substituting 
the right-hand side of this new equation for each occurrence of x e . Lines 14-17 
do the same substitution for the objective function, and lines 19 and 20 update the 
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sets of nonbasic and basic variables. Line 21 returns the new slack form. As given, 
if ai e = 0, Pivot would cause an error by dividing by 0, but as we shall see in the 
■proofs of Lemmas 29.2 and 29.12, we call PIVOT only when ai e ^ 0. 
v^Ve now summarize the effect that PIVOT has on the values of the variables in 
th^psic solution. 

Consider ^call to PlV0T(iV, B, A, b, c, v, I, e) in which au ^ 0. Let the values 
returned ffoBUhe call be (N , B , A, b, c, v), and let x denote the basic solution after 
the call. The4^» 

1. Xj = 0 for e^dfa j e N. 

2. x e = bi/ai e . 

3. x t = b t — a ie b e for each i e B — {e}. 

Proof The first statement is true because the basic solution always sets all non- 
basic variables to 0. WhenSfr^set each nonbasic variable to 0 in a constraint 

X ' = bi : — S u Xj , ^ 
j€N 

we have that x, = b t for each i e fi^ince e e B, line 3 of Pivot gives 
x e = b e = bi/au , 

which proves the second statement. Simttafly, using line 9 for each i e B — {e}, 
we have 

x { = bj = bi - a ie b e , 

which proves the third statement. C} ■ 

The formal simplex algorithm • 

We are now ready to formalize the simplex algorithm, whieh we demonstrated by 
example. That example was a particularly nice one, and werould have had several 
other issues to address: s 

• How do we determine whether a linear program is feasible? 

• What do we do if the linear program is feasible, but the initial basic solution is 
not feasible? 

• How do we determine whether a linear program is unbounded? 

• How do we choose the entering and leaving variables? 
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In Section 29.5, we shall show how to determine whether a problem is feasible, 
and if so, how to find a slack form in which the initial basic solution is feasible. 
\§\ Therefore, let us assume that we have a procedure Initialize-Simplex(^4, b, c) 
x^mat takes as input a linear program in standard form, that is, an m x n matrix 



(aij), an m-vector b = (b,), and an «-vector c = (Cj). If the problem is 
infusible, the procedure returns a message that the program is infeasible and then 
tenrtuctfes. Otherwise, the procedure returns a slack form for which the initial 
basic soteJion is feasible. 

The procedure Simplex takes as input a linear program in standard form, as just 
described.nt returns an «-vector x = (x,) that is an optimal solution to the linear 
program desKrjfeed in (29. 19)— (29.21). 

S implex (A,b, 

1 (N, B, A, b, C>v)v=»= lNITIALIZE-SlMPLEX(^, b, c) 

2 let A be a new vector of length n 

3 while some index^' s N has Cj > 0 

4 choose an indexV^ N for which c e > 0 

5 for each index i 

6 if a ie > 0 0 

7 A,- = bi/a ie * j 

8 else Aj = oo "O 

9 choose an index / e B thaCrfunimizes A,- 

10 ifA,==oo O 

1 1 return "unbounded" (\ 

12 else (N, B, A, b,c, v) = Pivof^fi, A, b, c, v, I, e) 

13 for i = 1 to n <£\ 

14 if i e B q 

15 Xj = bi A 

16 else x t = 0 

17 return (xi, x 2 , x„) * q 

The Simplex procedure works as follows. In line^-^dt calls the procedure 
Initialize-S implex {A, b, c), described above, which eitper determines that the 
linear program is infeasible or returns a slack form for which the basic solution is 
feasible. The while loop of lines 3-12 forms the main part of the algorithm. If all 
coefficients in the objective function are negative, then the while loop terminates. 
Otherwise, line 4 selects a variable x e , whose coefficient in the objective function 
is positive, as the entering variable. Although we may choose any such variable as 
the entering variable, we assume that we use some prespecified deterministic rule. 
Next, lines 5-9 check each constraint and pick the one that most severely limits 
the amount by which we can increase x e without violating any of the nonnegativ- 
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ity constraints; the basic variable associated with this constraint is x\. Again, we 
are free to choose one of several variables as the leaving variable, but we assume 
•^Siat we use some prespecified deterministic rule. If none of the constraints lim- 
■if^fhe amount by which the entering variable can increase, the algorithm returns 
"unfunded" in line 11. Otherwise, line 12 exchanges the roles of the entering 
and Jefwing variables by calling Pivot(jV, B, A, b, c, v, I, e), as described above. 
Lines^l/sK^ compute a solution Xi, x 2 , ■ ■ ■ ,x n for the original linear-programming 
variables foy. setting all the nonbasic variables to 0 and each basic variable x, to bi , 
and line 17 returns these values. 

To show mak Simplex is correct, we first show that if Simplex has an initial 
feasible solution^nd eventually terminates, then it either returns a feasible solution 
or determines that the linear program is unbounded. Then, we show that Simplex 
terminates. Finally) m Section 29.4 (Theorem 29.10) we show that the solution 
returned is optimal. C , 

X V 

Lemma 29.2 

Given a linear program (A(mc), suppose that the call to Initialize-Simplex in 
line 1 of Simplex returns a(^fack form for which the basic solution is feasible. 
Then if Simplex returns a solu^n in line 17, that solution is a feasible solution to 
the linear program. If S IMPLEX relurns "unbounded" in line 1 1 , the linear program 
is unbounded. 

v 

Proof We use the following three-part invariant: 

At the stall of each iteration of the whjfphoop of lines 3-12, 

1. the slack form is equivalent to the slacl^form returned by the call of 
Initialize-Simplex, q 

2. for each i e fi, we have bi > 0, and ^\ 

3. the basic solution associated with the slack form is feasible. 

Initialization: The equivalence of the slack forms ial for the first itera- 

tion. We assume, in the statement of the lemma, that Th^call to Initialize- 
Simplex in line 1 of Simplex returns a slack form for wmch the basic solution 
is feasible. Thus, the third part of the invariant is true. Because the basic so- 
lution is feasible, each basic variable x, is nonnegative. Furthermore, since the 
basic solution sets each basic variable x, to bi, we have that bi > 0 for all 
i e B. Thus, the second part of the invariant holds. 

Maintenance: We shall show that each iteration of the while loop maintains the 
loop invariant, assuming that the return statement in line 1 1 does not execute. 
We shall handle the case in which line 1 1 executes when we discuss termination. 
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An iteration of the while loop exchanges the role of a basic and a nonbasic 
variable by calling the PIVOT procedure. By Exercise 29.3-3, the slack form is 
^\ equivalent to the one from the previous iteration which, by the loop invariant, 
is equivalent to the initial slack form. 

C^)We now demonstrate the second part of the loop invariant. We assume that at 
*mfe start of each iteration of the while loop, bj > 0 for each i e B, and we shall 
sr(S^/ that these inequalities remain true after the call to PIVOT in line 12. Since 
the ^)y changes to the variables bj and the set B of basic variables occur in this 
assigivrfljnt, it suffices to show that line 12 maintains this part of the invariant. 
We let h^CLtj, and B refer to values before the call of PIVOT, and bi refer to 
values retujrfted from Pivot. 

First, we obs^e that b e > 0 because bi > 0 by the loop invariant, au > 0 by 
lines 6 and 9 o^MPLEX, and b e = bi/au by line 3 of PIVOT. 
For the remaining<rnd < ices i e B — {/}, we have that 

bj = bi - a ie b e (by line 9 of Pivot) 

= bj - a ie (bi /aiJ^ (by line 3 of Pivot) . (29.76) 

We have two cases to consider, depending on whether a ie > 0 or a ie < 0. 
If a ie > 0, then since we chcfse^such that 

bi/ai e < bi/ote for all i € B , \ (29.77) 

o 

we have 

bi = bi - a ie (bi/ai e ) (by equatiorl^9.76)) 
> bj - a ie (bj/a ie ) (by inequality (2ftr77)) 
= bt-bt ^ 

= o> 

and thus b t > 0. If a ie < 0, then because au, bjS^md bi are all nonnegative, 
equation (29.76) implies that bj must be nonnegativeV-tpo. 

We now argue that the basic solution is feasible, i.e., tharall variables have non- 
negative values. The nonbasic variables are set to 0 and thus are nonnegative. 
Each basic variable x, : is defined by the equation 

Xf — bf ^ ^ ClijXj . 
jeN 

The basic solution sets x, = bi . Using the second part of the loop invariant, we 
conclude that each basic variable x, is nonnegative. 
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Termination: The while loop can terminate in one of two ways. If it terminates 
because of the condition in line 3, then the current basic solution is feasible and 
line 17 returns this solution. The other way it terminates is by returning "un- 
vQbounded" in line 1 1. In this case, for each iteration of the for loop in lines 5-8, 
(^0hen line 6 is executed, we find that a ie < 0. Consider the solution x defined as 



oo if i = e 



x, = (bQ if i e N - {e} , 




, eN ciijXj ifieB. 



We now srro^*kthat this solution is feasible, i.e., that all variables are nonneg- 
ative. The ncmbasic variables other than x e are 0, and x e = oo > 0; thus all 
nonbasic variabre^ire nonnegative. For each basic variable x t , we have 

x t = h, - 'hfvjx 
= bj - a ie x e . 

The loop invariant implies^that b t > 0, and we have a ie < 0 and x e = oo > 0. 
Thus, x t > 0. ^ 

Now we show that the objectivef^alue for the solution x is unbounded. From 
equation (29.42), the objective valued 

Z = v + J^CjXj O 

= V + c e x e . ^ > 

Since c e > 0 (by line 4 of Simplex) and x e Q oo, the objective value is oo, 
and thus the linear program is unbounded. ^\ m 

It remains to show that Simplex terminates, and wb&n it does terminate, the 
solution it returns is optimal. Section 29.4 will address optH«ality. We now discuss 
termination. 

Termination 

In the example given in the beginning of this section, each iteration of the simplex 
algorithm increased the objective value associated with the basic solution. As Ex- 
ercise 29.3-2 asks you to show, no iteration of Simplex can decrease the objective 
value associated with the basic solution. Unfortunately, it is possible that an itera- 
tion leaves the objective value unchanged. This phenomenon is called degeneracy, 
and we shall now study it in greater detail. 
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The assignment in line 14 of PIVOT, v = v + c e b e , changes the objective value. 
Since Simplex calls Pivot only when c e > 0, the only way for the objective 
t^xjalue to remain unchanged (i.e., v = v) is for b e to be 0. This value is assigned 
b e = bi/ai e in line 3 of PIVOT. Since we always call PIVOT with a/ e ^ 0, we 
hhat for b e to equal 0, and hence the objective value to be unchanged, we must 
h&i£bi = 0. 

IndfS^d, this situation can occur. Consider the linear program 
Z =^> Xi + x 2 + x 3 

X4 = Ox y* X 1 — X2 

X 5 — X-i — X3 . 

Suppose that we^ljoose Xi as the entering variable and x 4 as the leaving variable. 
After pivoting, we^tain 

Z = 8 N^-f x 3 — x 4 

Xi = 8 — X2 — x 4 

x 5 = x 2 • 

At this point, our only chorea-is to pivot with x 3 entering and x 5 leaving. Since 
b 5 = 0, the objective value oro remains unchanged after pivoting: 



z = 8 + x 2 - x 4 
Xi = 8 — X2 — X4 
X3 = Xi — x£) 

The objective value has not changed, br>p}ur slack form has. Fortunately, if we 
pivot again, with x 2 entering and Xi leaviri^the objective value increases (to 16), 
and the simplex algorithm can continue. ><\J 

Degeneracy can prevent the simplex algorith@from terminating, because it can 
lead to a phenomenon known as cycling: the sl^cl forms at two different itera- 
tions of Simplex are identical. Because of degeneracy, Simplex could choose a 
sequence of pivot operations that leave the objective (^lue unchanged but repeat 
a slack form within the sequence. Since Simplex is a deterministic algorithm, if 



it cycles, then it will cycle through the same series of slaA. forms forever, never 
terminating. ' 

Cycling is the only reason that Simplex might not terminate. To show this fact, 
we must first develop some additional machinery. 

At each iteration, Simplex maintains A, b, c, and v in addition to the sets 
N and B. Although we need to explicitly maintain A, b, c, and v in order to 
implement the simplex algorithm efficiently, we can get by without maintaining 
them. In other words, the sets of basic and nonbasic variables suffice to uniquely 
determine the slack form. Before proving this fact, we prove a useful algebraic 
lemma. 
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Lemma 29.3 

Let / be a set of indices. For each j € I , let a 7 and ftj be real numbers, and let Xj 
•^be a real-valued variable. Let y be any real number. Suppose that for any settings 
•ernhe xj , we have 

Then oij ^fij for each j e / , and y = 0. 

Proof Sinc^ejqtiation (29.78) holds for any values of the Xj , we can use particular 
values to draw inclusions about a, ft, and y. If we let Xj = 0 for each j € I , 
we conclude thalTyr^ 0. Now pick an arbitrary index j € I , and set xj = 1 and 
%k = 0 for all k tJ^ Then we must have a, = ftj. Since we picked j as any 
index in / , we conclude^that aj = ftj for each j € I . m 

A particular linear program has many different slack forms; recall that each slack 
form has the same set of fd^sSble and optimal solutions as the original linear pro- 
gram. We now show that the $Jack form of a linear program is uniquely determined 
by the set of basic variables. Th^is, given the set of basic variables, a unique slack 
form (unique set of coefficients anfi right-hand sides) is associated with those basic 
variables. 

V 

Lemma 29.4 q 

Let (A, b, c) be a linear program in standard-form. Given a set B of basic variables, 
the associated slack form is uniquely detewn^^d. 

Proof Assume for the purpose of contradicfioOthat there are two different slack 
forms with the same set B of basic variables. Hiia^slack forms must also have 
identical sets N = {1,2, ... ,n + m} — B of nonbasic variables. We write the first 
slack form as • 

z = v + j2 c j x j ( 29 - 79 ) 

Xi = bi -^atjXj for/ e B , (29.80) 

ye at 

and the second as 

Z = v' + J^c'jXj (29.81) 

jeN 

Xi = b'i-J2 a 'ij x > iori e B ■ (29.82) 

jeN 
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Consider the system of equations formed by subtracting each equation in 
line (29.82) from the corresponding equation in line (29.80). The resulting sys- 
^\ tern is 

y(Lf (b t -b't)- ^(fhj - a' t j)Xj for i e B 
or, eqt^tyalently, 



E a ij^s b i - b 't) + J2 a h x J for ieB ■ 

j£N </ . „ ./S7V 



Now, for eaclv^ B, apply Lemma 29.3 with aj = a,j, /3, = a[,, y = bi — b' t , and 
I = N . SinceU/O^ /},-, we have that ay = a^- for each j e A 7 ", and since y = 0, 
we have that ft, : Thus, for the two slack forms, A and b are identical to A' 

and ft'. Using a similar' argument, Exercise 29.3-1 shows that it must also be the 
case that c = c' and v ^y 1 ', and hence that the slack forms must be identical. ■ 

We can now show thalf^cling is the only possible reason that Simplex might 
not terminate. C 

Lemma 29.5 • * 

If Simplex fails to terminate in a^ost ( n ~^ m ) iterations, then it cycles. 

x 

Proof By Lemma 29.4, the set B of/b^ic variables uniquely determines a slack 
form. There are n + m variables and j"#jy= m , an d therefore, there are at most 
("in") wa y s t0 choose B. Thus, there arcpnly at most ("^ m ) unique slack forms. 
Therefore, if Simplex runs for more than G^fO iterations, it must cycle. ■ 

Cycling is theoretically possible, but extremery^are. We can prevent it by choos- 
ing the entering and leaving variables somewhat more carefully. One option is to 
perturb the input slightly so that it is impossible tft have two solutions with the 
same objective value. Another option is to break ties Hy\lways choosing the vari- 
able with the smallest index, a strategy known as BlanaQtyle. We omit the proof 
that these strategies avoid cycling. 



irule 

4 



Lemma 29.6 

If lines 4 and 9 of Simplex always break ties by choosing the variable with the 
smallest index, then Simplex must terminate. ■ 



We conclude this section with the following lemma. 
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Lemma 29.7 

Assuming that Initialize-Simplex returns a slack form for which the basic so- 
lution is feasible, Simplex either reports that a linear program is unbounded, or it 
■tepninates with a feasible solution in at most ("^ m ) iterations. 

Prdttf^ Lemmas 29.2 and 29.6 show that if Initialize-Simplex returns a slack 
form fcVwhich the basic solution is feasible, Simplex either reports that a linear 
program ^unbounded, or it terminates with a feasible solution. By the contra- 
positive ofM>emma 29.5, if Simplex terminates with a feasible solution, then it 
terminates ur^Lmost ("^ m ) iterations. ■ 

y> 

Exercises \§i 
29.3-1 

Complete the proof of^lmma 29.4 by showing that it must be the case that c = c' 
and v = v'. 

29.3-2 

Show that the call to Pivot inlipe 12 of Simplex never decreases the value of v. 
29.3-3 

Prove that the slack form given to tHe-PlVOT procedure and the slack form that the 
procedure returns are equivalent. \^ 

o 

29.3-4 Cy 

Suppose we convert a linear program (Affyf^) in standard form to slack form. 
Show that the basic solution is feasible if and^Ay if b t > 0 for i = 1, 2, . . . , m. 

29.3-5 

Solve the following linear program using SimplexV 
maximize ISxi + 12.5x 2 

subject to O 

Xi + x 2 < 20 <s\ 

xi < 12 

x 2 < 16 

Xi,x 2 > 0 . 



2xi + x 2 < 2 
Xl,X 2 > 0 
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^> 

, Solve the following linear program using Simplex: 

aximize 5x x — 3x 2 

^Subject to 
VO Xi - x 2 < 1 

% 

29.3-7 

Solve the folio^ng linear program using Simplex: 

minimize -*^+ x 2 + x 3 
subject to 

2xi ^>'7.5x 2 + 3x 3 > 10000 
20x! + <^5x 2 + 10x 3 > 30000 
Xi,x 2 , > 0 ■ 

29.3-8 0 

In the proof of Lemma 29.5, we«rgued that there are at most ( m „ n ) ways to choose 
a set B of basic variables. Give arvjkample of a linear program in which there are 
strictly fewer than ( m+ ") ways to choose the set B. 

o 

^ 



29.4 Duality 



<6 

We have proven that, under certain assumptions fs^PLEX terminates. We have not 
yet shown that it actually finds an optimal solution to a linear program, however. 
In order to do so, we introduce a powerful concept called linear-programming 
duality. ^~ ~. 

Duality enables us to prove that a solution is indeed optjjnal. We saw an exam- 
ple of duality in Chapter 26 with Theorem 26.6, the max^Sbw min-cut theorem. 
Suppose that, given an instance of a maximum-flow problem, we find a flow / 
with value \f\. How do we know whether / is a maximum flow? By the max-flow 
min-cut theorem, if we can find a cut whose value is also | / 1 , then we have ver- 
ified that / is indeed a maximum flow. This relationship provides an example of 
duality: given a maximization problem, we define a related minimization problem 
such that the two problems have the same optimal objective values. 

Given a linear program in which the objective is to maximize, we shall describe 
how to formulate a dual linear program in which the objective is to minimize and 
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whose optimal value is identical to that of the original linear program. When refer- 
ring to dual linear programs, we call the original linear program the primal. 
\Q Given a primal linear program in standard form, as in (29.16)-(29.18), we define 
■tfta dual lineal - program as 

minkfn^e T^byi (29.83) 
subject to^ 

> cj for; = 1,2,..., n , (29.84) 

> 0 fori = 1,2,..., m . (29.85) 

To form the dua^we change the maximization to a minimization, exchange the 
roles of coefficients on the right-hand sides and the objective function, and replace 
each less-than-or-equaKtO)by a greater-than-or-equal-to. Each of the m constraints 
in the primal has an associated variable y t in the dual, and each of the n constraints 
in the dual has an associate^Variable Xj in the primal. For example, consider the 
lineal" program given in (29.5Q)-(29.57). The dual of this linear program is 

minimize 30j x + 24j 2 ^ 36v 3 (29.86) 

subject to vj^n 

yi + 2v 2 + Mvi> > 3 (29.87) 

yx + 2j 2 + >q > 1 (29.88) 

3y, + 5y 2 + 2y 3 ^ 2 (29.89) 

yi,yz,ys &o. (29.90) 

We shall show in Theorem 29.10 that the optimal value of the dual linear pro- 
gram is always equal to the optimal value of the^primal linear program. Further- 
more, the simplex algorithm actually implicitly solves both the primal and the dual 
linear programs simultaneously, thereby providing a proof of optimality. 

We begin by demonstrating weak duality, which sta^tg^ that any feasible solu- 
tion to the primal linear program has a value no greater that of any feasible 
solution to the dual linear program. vO 

Lemma 29.8 (Weak linear-programming duality) 

Let x be any feasible solution to the primal linear program in (29. 16)-(29. 18) and 
let y be any feasible solution to the dual linear program in (29.83)-(29.85). Then, 
we have 

n m 

j=i i=i 
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Proof We have 



/ m 



j=i \/=i 



Xj (by inequalities (29.84)) 



*5 = ?(? fly 



0 



i = i \j = i 



Corollary 29.? 



(by inequalities (29.17)) . 



Let x be a feasiblp^olution to a primal linear program (A, b, c), and let y be a 
feasible solution tc ithe>eorresponding dual linear program. If 

V. 



7 = 1 i = l V' 



then x and _y are optimal soniArans to the primal and dual linear programs, respec- 
tively. 



)bieerrv 



Proof By Lemma 29.8, the objeetive> value of a feasible solution to the primal 
cannot exceed that of a feasible solution to the dual. The primal linear program is 
a maximization problem and the dual k-a minimization problem. Thus, if feasible 
solutions x and y have the same objectii^value, neither can be improved. ■ 

Before proving that there always is a dua^jc^ution whose value is equal to that 
of an optimal primal solution, we describe hc@to find such a solution. When 
we ran the simplex algorithm on the linear progj^m in (29.53)-(29.57), the final 
iteration yielded the slack form (29.72)-(29.75) with objective z = 28 — x 3 /6 — 
x 5 /6— 2x 6 /3, B = {1, 2, 4}, and N = {3,5,6}. As wershall show below, the basic 
solution associated with the final slack form is indeed" optimal solution to the 
linear program; an optimal solution to linear program (253?$)-(29.57) is therefore 
(x u x 2 ,x 3 ) = (8,4,0), with objective value (3 ■ 8) + (1 -M) + (2 ■ 0) = 28. As 
we also show below, we can read off an optimal dual solution: the negatives of the 
coefficients of the primal objective function are the values of the dual variables. 
More precisely, suppose that the last slack form of the primal is 

Z = v' + J2 c J x J 
Xi = b'i — o'ijXj for i e B . 

jeN 
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Then, to produce an optimal dual solution, we set 

%=H+< tf (» + 0stf, (29.91) 
| 0 otherwise . 

9im£ an optimal solution to the dual linear program defined in (29.86)-(29.90) 
is yi *4-J) (since n + 1 = 4 e S), _y 2 = — £5 = 1/6, and y 3 = —c' 6 = 2/3. 
Evaluatinkthe dual objective function (29.86), we obtain an objective value of 
(30 ■ 0) +®Jr (1/6)) + (36 ■ (2 /3)) = 28, which confirms that the objective value 
of the prim^jAs indeed equal to the objective value of the dual. Combining these 
calculations w^fh Lemma 29.8 yields a proof that the optimal objective value of the 
primal linear pKjgram is 28. We now show that this approach applies in general: 
we can find an oprhjifel solution to the dual and simultaneously prove that a solution 
to the primal is optiimu. 

Theorem 29.10 (Linear-jtfogramming duality) 

Suppose that Simplex rettfnis values x = (xi.x 2 , . . . ,x„) for the primal lin- 
eal - program (A,b,c). hetvL^id B denote the nonbasic and basic variables for 
the final slack form, let c' denote the coefficients in the final slack form, and let 
9 = CVi> J2> ■ ■ ■ > y~m) be definea oy equation (29.91). Then x is an optimal so- 
lution to the primal linear progra*nv^ is an optimal solution to the dual linear 
program, and ^ \ 

n m ^-n 

E^-Ew. o. (29 - 92) 

Proof By Corollary 29.9, if we can find feasible^ solutions x and y that satisfy 
equation (29.92), then x and y must be optimal p^nal and dual solutions. We 
shall now show that the solutions x and y described in the statement of the theorem 
satisfy equation (29.92). ^ 

Suppose that we run Simplex on a primal linear program, as given in lines 
(29.16)-(29.18). The algorithm proceeds through a serieWAslack forms until it 
terminates with a final slack form with objective function 

Z = v' + c 'i x i ■ ( 29 - 93 ) 
jeN 

Since Simplex terminated with a solution, by the condition in line 3 we know that 
c'j < 0 for all jeN. (29.94) 
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If we define 

^ c'j = 0 for all j € B , (29.95) 
^^e can rewrite equation (29.93) as 

~ y C^~.y^ c y x v + ^2 c j Xj (b ecause cj = 0 if y € B) 

= v' + "^?%jXj (because N U B = {1,2, « + m}) . (29.96) 

For the basic solutilQri x associated with this final slack form, x, = 0 for all j e N , 
and z = v'. Since aH^slack forms are equivalent, if we evaluate the original objec- 
tive function on x, we r^Sst obtain the same objective value: 

n n+m \s 

J^cjxj = v' + J^CjC (29.97) 

= v '+i>r°)+i!5b*y) ( 29 - 9§ ) 

jeN jeB r\ 

\ 

We shall now show that y, defined by eqtmtion (29.91), is feasible for the dual 
linear program and that its objective value YlrO\Jk Ji equals Ylj=i c j*j- Equa- 
tion (29.97) says that the first and last slack formsC evaluated at x, are equal. More 
generally, the equivalence of all slack forms implies that for any set of values 
x = (xi, x 2 , ■ ■ . , x„), we have 

n n+m ^-^i 

J^CjXj =v' +J2 c j x J ■ V* 

7=1 j=l 

Therefore, for any particular set of values x = (xi, x 2 , ■ ■ ■ ,x n ), we have 
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n+m 



%> + E 

= %E<^+ E ^ 



n+m 



7>1 y'=n+l 



u' + ^ cjjc^Jj (- y t ) x n+i (by equations (29.91) and (29.95)) 

v' + cjx/ + / /^J/) I : - XI fl y^ 1 ^ by e 1 uation (29.32)) 

7 = 1 ^l^A V y = l / 

v ' + E c 'jXj - E b *y$ E X # 

7 = 1 i=l • j=V/=i 

n m "\ 

v' + ^c'jxj -J2 b '^ + Y)$*A a vyt)xj 
^' - j>;k<J + X ^; + E fl '^w^ ■ 

so that O 

n / m \ n / m \\ 

E c ^ = ( v ' - J + E h + E fl y>- (29 - 99) 



7=1 \ i = l / 7=1 \ <=1 

Applying Lemma 29.3 to equation (29.99), we obtain 



v'-J^Ajj?i = 0, (29.100) 

i=l 
m 

; + J] flyy, = c y for j = 1, 2, . . . , n . (29.101) 



C; 

1 = 1 



By equation (29.100), we have that ^I^li biy, = v' , and hence the objective value 
of the dual \Y^ =l biyA is equal to that of the primal (v')- It remains to show 
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that the solution y is feasible for the dual problem. From inequalities (29.94) and 
equations (29.95), we have that c'- < 0 for all j = 1, 2, ...,« + m. Hence, for any 
\§\ j = 1, 2, . . . , n, equations (29.101) imply that 

V 

which satis^^ the constraints (29.84) of the dual. Finally, since c'j < 0 for each 
j e NUB, wh^)i we set y according to equation (29.91), we have that each j, > 0, 
and so the nonn^^tivity constraints are satisfied as well. ■ 

We have shown 'given a feasible linear program, if Initialize-Simplex 
returns a feasible solution, and if Simplex terminates without returning "un- 
bounded," then the solution returned is indeed an optimal solution. We have also 
shown how to construct aSrr^timal solution to the dual linear program. 

Exercises 

29.4-1 <5 v 

Formulate the dual of the linear program given in Exercise 29.3-5. 
29.4-2 

Suppose that we have a linear prograrrPtha^ is not in standard form. We could 
produce the dual by first converting it to sumetard form, and then taking the dual. 
It would be more convenient, however, to beyable to produce the dual directly. 
Explain how we can directly take the dual of airar^trary linear program. 

29.4-3 • 

Write down the dual of the maximum-flow linear (grfegram, as given in lines 
(29.47)-(29.50) on page 860. Explain how to interp@ this formulation as a 
minimum-cut problem. y ^> 

29.4-4 

Write down the dual of the minimum-cost-flow linear program, as given in lines 
(29.51)-(29.52) on page 862. Explain how to interpret this problem in terms of 
graphs and flows. 



29.4-5 

Show that the dual of the dual of a linear program is the primal linear program. 
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^ 29.4-6 

, Which result from Chapter 26 can be interpreted as weak duality for the maximum- 
■^Sow problem? 

The initiarb&jjc i 



In this seSL , we first describe how to test whether a linear program is feasible, 
and if it is, krowJ:o produce a slack form for which the basic solution is feasible. 
We conclude sy Droving the fundamental theorem of linear programming, which 
says that the Simplex procedure always produces the correct result. 

Finding an initial solution 

In Section 29.3, we assu^d that we had a procedure Initialize-S IMPLEX that 
determines whether a lineara>ogram has any feasible solutions, and if it does, gives 
a slack form for which the t^r&c solution is feasible. We describe this procedure 
here. 

A linear program can be feasible, yet the initial basic solution might not be 
feasible. Consider, for example, the^f^lowing linear program: 

maximize 2x\ — x 2 \^ (29.102) 

subject to o 

2*i - x 2 < 2 (29.103) 

Xi - 5x 2 < -4 (29.104) 

x u x 2 > 0 . Q (29.105) 

If we were to convert this linear program to slack(f^rm, the basic solution would 
set Xi = 0 and x 2 = 0. This solution violates constraint (29.104), and so it is not a 
feasible solution. Thus, Initialize-Simplex cannot ju^tyeturn the obvious slack 
form. In order to determine whether a linear program ha£^ny feasible solutions, 
we will formulate an auxiliary linear program. For this au?rfbi^ry linear program, 
we can find (with a little work) a slack form for which the basic solution is feasible. 
Furthermore, the solution of this auxiliary linear program determines whether the 
initial linear program is feasible and if so, it provides a feasible solution with which 
we can initialize Simplex. 



Lemma 29.11 

Let L be a linear program in standard form, given as in (29.16)-(29.18). Let x 0 be 
a new variable, and let L aux be the following linear program with n + 1 variables: 
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maximize — x 0 (29.106) 

subject to 

OijXj — x 0 < bi for i = 1, 2, . . . , m , (29.107) 

\X xj > 0 for j = 0, 1, . . . ,n . (29.108) 

Then(£) is feasible if and only if the optimal objective value of L aux is 0. 

Proof Sdgpose that L has a feasible solution x = (x\, x 2 , . . . , x n ). Then the 
solution x 0 y^' 0 combined with x is a feasible solution to L aux with objective 
value 0. SimjeSxo > 0 is a constraint of L aux and the objective function is to 
maximize — x 0 , solution must be optimal for L. dm . 

Conversely, supple that the optimal objective value of L aux is 0. Then x 0 = 0, 
and the remaining sfohjtion values of x satisfy the constraints of L. ■ 

We now describe oursstrategy to find an initial basic feasible solution for a linear 
program L in standard fo^rfj^ 

INITIALIZE-S IMPLEX (A, b, i 

1 let k be the index of the mitiimftm b t 

2 if bk > 0 /Aid the initial basic solution feasible? 

3 return ({1,2, ...,«},{« 4<T« + 2, . . . ,n + m},A,b,c,0) 

4 form L aux by adding — x 0 to the ld©hand side of each constraint 

and setting the objective funct^pko — x 0 

5 let (N, B, A, b, c, v) be the resulting s^k form for L aux 

6 I = n + k 

7 // L aux has n + 1 nonbasic variables and /{Tljiasic variables. 

8 {N, B, A, b,c, v) = Pivot(/V, B, A, b, c, v,J<6) 

9 II The basic solution is now feasible for L aux . 

10 iterate the while loop of lines 3-12 of Simplex mtil an optimal solution 

to L aux is found q 

11 if the optimal solution to L aux sets x 0 to 0 ^\ 

12 if x 0 is basic < 

13 perform one (degenerate) pivot to make it nonbasic 

14 from the final slack form of L aux , remove x 0 from the constraints and 

restore the original objective function of L, but replace each basic 
variable in this objective function by the right-hand side of its 
associated constraint 

15 return the modified final slack form 

16 else return "infeasible" 
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Initialize-Simplex works as follows. In lines 1-3, we implicitly test the 

basic solution to the initial slack form for L given by N = {1,2 n}, B = 

+ l,n + 2 n + m}, x, = for all / e B, and x 7 - = 0 for all j e N. 

•(Oeating the slack form requires no explicit effort, as the values of A, b, and c are 
th^Jime in both slack and standard forms.) If line 2 finds this basic solution to be 
-that is, Xj > 0 for all /' e N U B — then line 3 returns the slack form, 
in line 4, we form the auxiliary linear program L aux as in Lemma 29. 1 1 . 
Since tfte/mitial basic solution to L is not feasible, the initial basic solution to the 
slack form Jar L aux cannot be feasible either. To find a basic feasible solution, we 
perform a single' pivot operation. Line 6 selects / = n + k as the index of the 
basic variableMhat will be the leaving variable in the upcoming pivot operation. 
Since the basic variables are x„ +1 , x„ +2 , . . . , x n+m , the leaving variable X/ will be 
the one with the rsbsL negative value. Line 8 performs that call of PIVOT, with 
x 0 entering and X/ leaving. We shall see shortly that the basic solution resulting 
from this call of Plvo'K^will be feasible. Now that we have a slack form for which 
the basic solution is feaSple, we can, in line 10, repeatedly call Pivot to fully 
solve the auxiliary linear program. As the test in line 1 1 demonstrates, if we find 
an optimal solution to L aux w^th objective value 0, then in lines 12-14, we create 
a slack form for L for which ^ basic solution is feasible. To do so, we first, 
in lines 12-13, handle the degenerate case in which x 0 may still be basic with 
value x 0 = 0. In this case, we perijdfjn a pivot step to remove x 0 from the basis, 
using any e e N such that a 0e ^ ^/-a*s the entering variable. The new basic 
solution remains feasible; the degenera(jej)ivot does not change the value of any 
variable. Next we delete all x 0 terms from-the constraints and restore the original 
objective function for L. The original ofij€ctjve function may contain both basic 
and nonbasic variables. Therefore, in the objective function we replace each basic 
variable by the right-hand side of its associaTecHsonstraint. Line 15 then returns 
this modified slack form. If, on the other hand, lme^-l discovers that the original 
linear program L is infeasible, then line 1 6 returns mis information. 

We now demonstrate the operation of INITIALIZERS IMPLEX on the linear pro- 
gram (29. 102)-(29.105). This linear program is feasitjleHf we can find nonneg- 
ative values for x Y and x 2 that satisfy inequalities (29.ldi^and (29.104). Using 
Lemma 29. 1 1 , we formulate the auxiliary linear program <0 

maximize — x 0 (29.109) 

subject to 

2xx - x 2 - x 0 < 2 (29.110) 
Xx - 5x 2 - x 0 < -4 (29.111) 

X\ , x 2 , Xo ^ 0 . 

By Lemma 29.11, if the optimal objective value of this auxiliary linear program 
is 0, then the original linear program has a feasible solution. If the optimal objective 
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value of this auxiliary linear program is negative, then the original linear program 
does not have a feasible solution. 
^\ We write this linear program in slack form, obtaining 

= ~~ x ° 

xT^^y 2 — 2X\ + X 2 + Xo 

x A ^ -4 - Xi + 5x 2 + x 0 . 

We are out of the woods yet, because the basic solution, which would set 
x 4 = —4, ipnot feasible for this auxiliary linear program. We can, however, with 
one call to ^fvOT, convert this slack form into one in which the basic solution is 
feasible. As lifj<p8 indicates, we choose x 0 to be the entering variable. In line 6, we 
choose as the letting variable x 4 , which is the basic variable whose value in the 
basic solution is rn^st negative. After pivoting, we have the slack form 



-A - X* v 



-4 — xf M- 5x 2 — x 4 
x 0 = 4 + Xi ^ 5x 2 + x 4 
x 3 = 6 — Xi — (^iX 2 + x 4 



The associated basic solution w\x 0 , x,\ , x 2 , x 3 , x 4 ) = (4, 0, 0, 6, 0), which is feasi- 
ble. We now repeatedly call PlVOT^intil we obtain an optimal solution to L aux . In 
this case, one call to PIVOT with %^itpring and x 0 leaving yields 

Z = - x 0 Q 

4 x 0 x x ppc 4 

X2 = 5 - T + T ^ 

14 4x 0 9xi Xas\ 

x 3 = — + — - - — - + ^Aj 

5 5 5 5 Q 

This slack form is the final solution to the auxili^ problem. Since this solution 
has x 0 = 0, we know that our initial problem was^ feasible. Furthermore, since 
x 0 = 0, we can just remove it from the set of consjfiJjnts. We then restore the 
original objective function, with appropriate substitutieffrs made to include only 
nonbasic variables. In our example, we get the objective T^^tion 

(4 x 0 x x x 4 \ 
1 1 
5 5 5 5 J 

Setting x 0 = 0 and simplifying, we get the objective function 

4 9xi x 4 

and the slack form 
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This s1^)l form has a feasible basic solution, and we can return it to procedure 
SlMPLEJ^) 

We now>|^mally show the correctness of Initialize-Simplex. 
Lemma 29.12^^^ 

If a linear prograronL has no feasible solution, then Initialize-Simplex returns 
"infeasible." Otherwise, it returns a valid slack form for which the basic solution 
is feasible. x * 

Proof First suppose that the linear program L has no feasible solution. Then by 
Lemma 29.11, the optimal<p%ctive value of L aux , defined in (29.106)-(29.108), 
is nonzero, and by the nonnegativity constraint on x 0 , the optimal objective value 
must be negative. Furthermord^his objective value must be finite, since setting 
Xj = 0, for = 1, 2, . . . ,n, and # 0 5 Imin™^ {bj}\ is feasible, and this solution 
has objective value - Imin™^ {bi}\^Jherefore, line 10 of Initialize-Simplex 
finds a solution with a nonpositive objective value. Let x be the basic solution 
associated with the final slack form. W^annot have x 0 = 0, because then L aux 
would have objective value 0, which contradicts that the objective value is negative. 
Thus the test in line 11 results in line 16 refuriiyig "infeasible." 

Suppose now that the linear program L dpekhave a feasible solution. From 
Exercise 29.3-4, we know that if b t > 0 for / = T(2\ ■ ■ ■ , m, then the basic solution 
associated with the initial slack form is feasible, nv^his case, lines 2-3 return the 
slack form associated with the input. (Converting trte standard form to slack form 
is easy, since A, b, and c are the same in both.) * _ 

In the remainder of the proof, we handle the case in whfch the linear program is 
feasible but we do not return in line 3. We argue that in thk^ase, lines 4-10 find a 
feasible solution to L aux with objective value 0. First, by linespi-2, we must have 

b k <0, 

and 

b k < bi for each i e B . (29.112) 

In line 8, we perform one pivot operation in which the leaving variable X; (recall 
that / = n + k, so that bi < 0) is the left-hand side of the equation with mini- 
mum bt, and the entering variable is x 0 , the extra added variable. We now show 
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that after this pivot, all entries of b are nonnegative, and hence the basic solution 
to L aux is feasible. Letting x be the basic solution after the call to PIVOT, and 
letting b and B be values returned by PIVOT, Lemma 29.1 implies that 

&=J bi - aJe (29113) 

•/Sy bi/au if i = e . 

The calLto Pivot in line 8 has e = 0. If we rewrite inequalities (29.107), to 
include ^coefficients a i0 , 

^ciijXj <^Afor/ = \,2,...,m , (29.114) 
then 

Oio = ate = -1 fohea^i i e B . (29.115) 

(Note that a i0 is the coefficient of x 0 as it appears in inequalities (29.114), not 
the negation of the coeffidei^ because L aux is in standard rather than slack form.) 
Since / e B, we also have msNii e = —1. Thus, bi/cii e > 0, and so x e > 0. For 
the remaining basic variables, we have 

x, = bi — a ie b e (by eq^^ion (29.113)) 

= bi - a ie {bi/ai e ) (by line 3CoLPivot) 

= b t - bi (by equatiofrp9.115) and a !e = -1) 

> 0 (by inequality^ 112)) , 



which implies that each basic variable is nowuionnegative. Hence the basic solu- 
tion after the call to PIVOT in line 8 is feasiblOWe next execute line 10, which 
solves L aux . Since we have assumed that L has a(ieasible solution, Lemma 29.11 
implies that L aux has an optimal solution with objective value 0. Since all the slack 
forms are equivalent, the final basic solution to L aux ^nvlst have x 0 = 0, and after 
removing x 0 from the linear program, we obtain a slack (oj)m that is feasible for L. 
Line 15 then returns this slack form. ■ 

Fundamental theorem of linear programming 

We conclude this chapter by showing that the Simplex procedure works. In par- 
ticular, any linear program either is infeasible, is unbounded, or has an optimal 
solution with a finite objective value. In each case, Simplex acts appropriately. 
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Theorem 29.13 (Fundamental theorem of linear programming) 

Any linear program L, given in standard form, either 



l^has an optimal solution with a finite objective value, 
2. ri$) infeasible, or 



3. isMjnbounded. 

If L is^lnfeasible, Simplex returns "infeasible." If L is unbounded, Simplex 
returns "imlWinded." Otherwise, Simplex returns an optimal solution with a finite 
objective vakue.v* 

Proof By Lemgia 29. 12, if linear program L is infeasible, then Simplex returns 
"infeasible." Nowmmpose that the linear program L is feasible. By Lemma 29.12, 
Initialize-SimplE^x returns a slack form for which the basic solution is feasible. 
By Lemma 29.7, therefore, Simplex either returns "unbounded" or terminates 
with a feasible solution, (fit terminates with a finite solution, then Theorem 29.10 
tells us that this solution is^iptimal. On the other hand, if Simplex returns "un- 
bounded," Lemma 29.2 tells ^the linear program L is indeed unbounded. Since 
Simplex always terminates in^Je of these ways, the proof is complete. ■ 

Exercises \) 

V 

29.5-2 \SK 

Show that when the main loop of Simplex isxf©by Initialize-Simplex, it can 
never return "unbounded." O 

C 

29.5-3 

Suppose that we are given a linear program L in standard, form, and suppose that 
for both L and the dual of L, the basic solutions associated with the initial slack 
forms are feasible. Show that the optimal objective value of^Ais 0. 

29.5-4 

Suppose that we allow strict inequalities in a linear program. Show that in this 
case, the fundamental theorem of linear programming does not hold. 



29.5-1 

Give detailed pseudocode to implement rrries 5 and 14 of Initialize-Simplex. 
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29.5-5 

Solve the following linear program using Simplex: 

aximize X\ + 3x 2 
^subject to 

X! - x 2 < 8 

<P -x Y - x 2 < -3 

-X! + 4x 2 < 2 

yA *1,X 2 > 0 . 

29.5-d 

Solve the followl^ linear program using Simplex: 
maximize Xi^- 2x 2 
subject to 

Xi + ^$x 2 
-2xi - $x* 



< 


4 


< 


-12 


< < 


1 




0 



29.5-7 <5 v 

Solve the following linear program b^fng Simplex: 

maximize x, + 3x 2 O 

subject to ^^Cs 
-xi + x 2 < -1 U*> 

-Xi - x 2 < -3 , <'0 

-X! + 4x 2 < 2 

x 1; x 2 > 0 . # 

o 

29.5-S V Q 

Solve the linear program given in (29.6)-(29.10). 

29.5-9 

Consider the following 1 -variable linear program, which we call P: 
maximize tx 
subject to 

rx < s 
x > 0 , 

where r, s, and t are arbitrary real numbers. Let D be the dual of P. 
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State for which values of r, s, and t you can assert that 
• A. Both P and D have optimal solutions with finite objective values. 
^<<P is feasible, but D is infeasible. 

3. cQ is feasible, but P is infeasible. 

4. Newher P nor D is feasible. 



Problems v* 

29-7 Linear-inequality feasibility 

Given a set of m ar inequalities on « variables the linear- 

inequality feasibility pj&blem asks whether there is a setting of the variables that 
simultaneously satisfies ^{&h of the inequalities. 

a. Show that if we have a^ygorifhm for linear programming, we can use it to 
solve a linear-inequality fusibility problem. The number of variables and con- 
straints that you use in the l^ar-programming problem should be polynomial 
in n and m. • > 

b. Show that if we have an algorifhmdpr the linear-inequality feasibility problem, 
we can use it to solve a linear-programming problem. The number of variables 
and lineal - inequalities that you use in ths linear-inequality feasibility problem 
should be polynomial in n and m, the-mmaber of variables and constraints in 
the linear program. >K^) 

29-2 Complementary slackness ^"r^ 

Complementary slackness describes a relationship between the values of primal 
variables and dual constraints and between the values M dual variables and pri- 
mal constraints. Let x be a feasible solution to the primal linear program given 
in (29.16)-(29.18), and let y be a feasible solution to the doaUjnear program given 
in (29.83)-(29.85). Complementary slackness states that the^llowing conditions 
are necessary and sufficient for x, and y to be optimal: 

m 

2^ a uyi = c j or Xj = 0 for j = 1, 2 n 

i=i 



and 



7 = 1 



bi or y, > = 0 for i = 1 , 2, . . . , m 
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a. Verify that complementary slackness holds for the linear program in lines 
(29.53)-(29.57). 

Prove that complementary slackness holds for any primal linear program and 
(Wts corresponding dual. 

c. Prove that a feasible solution x to a primal linear program given in lines 
(29^16)-(29.18) is optimal if and only if there exist values y = (y~i, y 2 , . . . , y m ) 
suchor^t 

1. y is a s |£a'sible solution to the dual linear program given in (29.83)-(29.85), 

2- YlT=i = c i ^ or a ^ J sucn mat *j > ^' anc ^ 
3. y~i = 0 foijk^ such that J2j=i a u^j < 

29-3 Integer linedtr^rngramming 

An integer linear-programming problem is a linear-programming problem with 
the additional constraint <mM the variables x must take on integral values. Exer- 
cise 34.5-3 shows that just(^etermining whether an integer linear program has a 
feasible solution is NP-hard, ^|ich means that there is no known polynomial-time 
algorithm for this problem. , 

a. Show that weak duality (Lemma\2^fc8) holds for an integer linear program. 

b. Show that duality (Theorem 29.1()Qpes not always hold for an integer linear 
program. V ^j^ 

c. Given a primal linear program in standa^d^rm, let us define P to be the opti- 
mal objective value for the primal linear pro^n)m, D to be the optimal objective 
value for its dual, IP to be the optimal objectiv<e\alue for the integer version of 
the primal (that is, the primal with the added constraint that the variables take 
on integer values), and ID to be the optimal objectirv^ value for the integer ver- 
sion of the dual. Assuming that both the primal int^gijr program and the dual 
integer program are feasible and bounded, show that 

IP < P = D <ID . 



29-4 Farkas's lemma 

Let Abt an m x n matrix and c be an n -vector. Then Farkas's lemma states that 
exactly one of the systems 
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Ax < 0 , 

• c T x > 0 



= c 



y^t 0 

is solviSkwhere x is an n -vector and y is an m -vector. Prove Farkas's lemma. 

% 

29-5 Minimum-cost circulation 

In this problem^we consider a variant of the minimum-cost-flow problem from 
Section 29.2 in v«iich we are not given a demand, a source, or a sink. Instead, 
we are given, as bV&re, a flow network and edge costs a(u, v). A flow is feasible 
if it satisfies the capacity ^constraint on every edge and flow conservation at every 
vertex. The goal is to fi^ra among all feasible flows, the one of minimum cost. We 
call this problem the mirt$mum-cost-circulation problem. 

a. Formulate the minimum^^t-circulation problem as a linear program. 

b. Suppose that for all edges <^)v) e E, we have a(u, v) > 0. Characterize an 
optimal solution to the minimnm-ajst-circulation problem. 

c. Formulate the maximum-flow problpm as a minimum-cost-circulation problem 
lineal - program. That is given a maximum-flow problem instance G = (V, E) 
with source s, sink t and edge capacmpvc, create a minimum-cost-circulation 
problem by giving a (possibly differemTaietwork G' = (V, E') with edge 
capacities c' and edge costs a' such tharwou can discern a solution to the 
maximum-flow problem from a solution toMhe^inimum-cost-circulation prob- 
lem. \ 

d. Formulate the single-source shortest-path probleaa as a minimum-cost-circu- 
lation problem linear program. 

£ 

Chapter notes 



This chapter only begins to study the wide field of linear programming. A num- 
ber of books are devoted exclusively to linear programming, including those by 
Chvatal [69], Gass [130], Karloff [197], Schrijver [303], and Vanderbei [344]. 
Many other books give a good coverage of linear programming, including those 
by Papadimitriou and Steiglitz [271] and Ahuja, Magnanti, and Orlin [7]. The 
coverage in this chapter draws on the approach taken by Chvatal. 
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The simplex algorithm for linear programming was invented by G. Dantzig 
in 1947. Shortly after, researchers discovered how to formulate a number of prob- 
lems in a variety of fields as linear programs and solve them with the simplex 
v^algorithm. As a result, applications of linear programming flourished, along with 
s^pral algorithms. Valiants of the simplex algorithm remain the most popular 
me^trods for solving linear-programming problems. This history appears in a num- 
ber oftrxlaces, including the notes in [69] and [197]. 

The eWipsoid algorithm was the first polynomial-time algorithm for linear pro- 
gramming^and is due to L. G. Khachian in 1979; it was based on earlier work by 
N. Z. ShopTTX-B. Judin, and A. S. Nemirovskii. Grotschel, Lovasz, and Schrijver 
[154] describejapw to use the ellipsoid algorithm to solve a variety of problems in 
combinatorial optimization. To date, the ellipsoid algorithm does not appear to be 
competitive witrN<ha>simplex algorithm in practice. 

Karmarkar's paper [1,98] includes a description of the first interior-point algo- 
rithm. Many subsequ^nLresearchers designed interior-point algorithms. Good sur- 
veys appear in the artidp of Goldfarb and Todd [141] and the book by Ye [361]. 

Analysis of the simplex^lgorithm remains an active area of research. V. Klee 
and G. J. Minty constructor an example on which the simplex algorithm runs 
through 2" — 1 iterations. T^) simplex algorithm usually performs very well in 
practice and many researchers have tried to give theoretical justification for this 
empirical observation. A line of ^Sparch begun by K. H. Borgwardt, and carried 
on by many others, shows that und^r^ertain probabilistic assumptions on the in- 
put, the simplex algorithm converges ^rexpected polynomial time. Spielman and 
Teng [322] made progress in this area, introducing the "smoothed analysis of algo- 
rithms" and applying it to the simplex a'tgorjthm. 

The simplex algorithm is known to run efficiently in certain special cases. Par- 
ticularly noteworthy is the network-simplex algorithm, which is the simplex al- 
gorithm, specialized to network-flow problemsr^For certain network problems, 
including the shortest-paths, maximum-flow, ana- minimum-cost-flow problems, 
variants of the network-simplex algorithm run in polynomial time. See, for exam- 
ple, the article by Orlin [268] and the citations therein^. ^ 

% 



30 • Polynomials and the FFT 

The straightforw^rdyiiethod of adding two polynomials of degree n takes 0(«) 
time, but the straigntfe^ward method of multiplying them takes 0(« 2 ) time. In this 
chapter, we shall show hpw the fast Fourier transform, or FFT, can reduce the time 
to multiply polynomials tp^9(« lg«). 

The most common use- for Fourier transforms, and hence the FFT, is in signal 
processing. A signal is giverftfL the time domain: as a function mapping time to 
amplitude. Fourier analysis allows us to express the signal as a weighted sum of 
phase-shifted sinusoids of varymg frequencies. The weights and phases associated 
with the frequencies characterize thesignal in the frequency domain. Among the 
many everyday applications of FFt©are compression techniques used to encode 
digital video and audio information, ifi^tuding MP3 files. Several fine books delve 
into the rich area of signal processing; tl(e)chapter notes reference a few of them. 

Polynomials > 

A polynomial in the variable x over an algebraicfrdd F represents a function A(x) 
as a formal sum: ^\ 

n-l 

A{x) = ^ajx j . Q 

a 

We call the values a 0 ,ai, . . . ,a„_i the coefficients of the^fralynomial. The co- 
efficients are drawn from a field F, typically the set C of complex numbers. A 
polynomial A(x) has degree k if its highest nonzero coefficient is a^; we write 
that degree(^4) = k. Any integer strictly greater than the degree of a polynomial 
is a degree-bound of that polynomial. Therefore, the degree of a polynomial of 
degree-bound n may be any integer between 0 and n — 1, inclusive. 

We can define a variety of operations on polynomials. For polynomial addi- 
tion, if A(x) and B(x) are polynomials of degree-bound n, their sum is a polyno- 
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mial C(x), also of degree-bound n, such that C(x) = A(x) + B(x) for all x in the 
underlying field. That is, if 

then v^) 

7=0 y> 

where C/ = a ; + bj^$or> j = 0, 1, ... ,n — 1. For example, if we have the 
polynomials A(x) = 6x>4v7x 2 — lOx + 9 and 5(x) = — 2x 3 + 4x — 5, then 
C(x) = 4x 3 + lx 2 - 6x 

For polynomial multiplica^n, if A(x) and 5(x) are polynomials of degree- 
bound n, their product C(x) is* a polynomial of degree-bound In — 1 such that 
C(x) = ^4(x)S(x) for all x in t© underlying field. You probably have multi- 
plied polynomials before, by multiptyfng each term in A(x) by each term in B{x) 
and then combining terms with equaQ>owers. For example, we can multiply 
A(x) = 6x 3 + 7x 2 - lOx + 9 and S(x)^-2x 3 + 4x - 5 as follows: 

6x 3 + 7x^V lOx + 9 

- 2x 3 - 5 

- 30x 3 - 35x 2 + 45 
24x 4 + 28x 3 - 40x 2 + 3&c 

- 12x 6 - 14x 5 + 20x 4 - 18x 3 * 

- 12x 6 - 14x 5 + 44x 4 - 20x 3 - 75x 2 + 86x 
Another way to express the product C(x) is v ^> 

2n—2 

c(x) = c J xi . c 30 - 1 ) 

7=0 

where 

;' 

Cj=J2 a kbj-k- (30.2) 



900 /* Chapter 30 Polynomials and the FFT 

% 

Note that degree(C) = degree(^4) + degree(S), implying that if A is a polyno- 
, mial of degree-bound n a and B is a polynomial of degree-bound nj,, then C is a 
•^polynomial of degree-bound n a + Ub — 1. Since a polynomial of degree-bound k 
■is^lso a polynomial of degree-bound k + 1 , we will normally say that the product 
po^jomial C is a polynomial of degree-bound n a + «j. 

Chapte^)outline 

Section resents two ways to represent polynomials: the coefficient represen- 
tation and the point-value representation. The straightforward methods for multi- 
plying polynomials— equations (30.1) and (30.2)— take &(n 2 ) time when we rep- 
resent polynomials in coefficient form, but only ©(«) time when we represent them 
in point- value form^We can, however, multiply polynomials using the coefficient 
representation in on(y*®(nlgn) time by converting between the two representa- 
tions. To see why this ^broach works, we must first study complex roots of unity, 
which we do in Section Then, we use the FFT and its inverse, also described 
in Section 30.2, to perform(^e conversions. Section 30.3 shows how to implement 
the FFT quickly in both seriaj^fnd parallel models. 

This chapter uses complex nffi^bers extensively, and within this chapter we use 
the symbol i exclusively to denote V— T. 

<L 

\^ 

30.1 Representing polynomials Q 

The coefficient and point- value representationmof polynomials are in a sense equiv- 
alent; that is, a polynomial in point- value foprmhas a unique counterpart in co- 
efficient form. In this section, we introduce the"N:wo representations and show 
how to combine them so that we can multiply two^Segree-bound n polynomials 
in 0(m Ign) time. 

"o 

Coefficient representation Q 

A coefficient representation of a polynomial A(x) = tf/*- 7 of degree- 

bound n is a vector of coefficients a = (ao,a\, . . . , a„_i). In matrix equations 
in this chapter, we shall generally treat vectors as column vectors. 

The coefficient representation is convenient for certain operations on polyno- 
mials. For example, the operation of evaluating the polynomial A(x) at a given 
point x 0 consists of computing the value of A(x 0 ). We can evaluate a polynomial 
in 0(«) time using Horner's rule: 



A(x 0 ) = a 0 + x 0 (ai + x 0 (a 2 H h x 0 (a„- 2 + x 0 O«-i)) ■ ■ ■)) 
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Similarly, adding two polynomials represented by the coefficient vectors a = 
(a 0 ,ai, . . . ,a„_i) and b = (b 0 ,bi, . . . ,b n -i) takes 0(«) time: we just produce 
•^\the coefficient vector c = (c 0 , C\, . . . , c„_i), where cj = ctj + bj for j = 
' l,...,n-l. 

■low, consider multiplying two degree-bound n polynomials A(x) and B(x) rep- 
re^med in coefficient form. If we use the method described by equations (30.1) 
and y ui$L2), multiplying polynomials takes time &(n 2 ), since we must multiply 
each confident in the vector a by each coefficient in the vector b. The operation 
of multiplying polynomials in coefficient form seems to be considerably more diffi- 
cult than that of evaluating a polynomial or adding two polynomials. The resulting 
coefficient vector c, given by equation (30.2), is also called the convolution of the 
input vectors arand b, denoted c = a <g> b. Since multiplying polynomials and 
computing convoPuti^ns are fundamental computational problems of considerable 
practical importance, thjs chapter concentrates on efficient algorithms for them. 

Point-value representatip/i 

A point-value representatiq& of a polynomial A{x) of degree-bound n is a set of 
n point-value pairs 

{(x 0 , Jo), (x u yi), (x„_! , J#-0> 

such that all of the x^ are distinct aira ^ 

y k = A(x h ) (3 (303) 

for k = 0,1,... ,n — 1. A polynomial f^gknany different point- value representa- 
tions, since we can use any set of n distin^points basis for 
the representation. 

Computing a point-value representation for(a)polynomial given in coefficient 
form is in principle straightforward, since all we^ave to do is select n distinct 
points x 0 ,Xi, . . . ,x„_i and then evaluate A(xk) for k = 0, 1, ... ,n — 1. With 
Homer's method, evaluating a polynomial at n points/takes time &(n 2 ). We shall 
see later that if we choose the points x^ cleverly, we cairaeBelerate this computation 
to run in time &(n Ign). ^ 

The inverse of evaluation— determining the coefficient <form of a polynomial 
from a point-value representation— is interpolation. The following theorem shows 
that interpolation is well defined when the desired interpolating polynomial must 
have a degree-bound equal to the given number of point-value pairs. 

Theorem 30.1 (Uniqueness of an interpolating polynomial) 

For any set {(x 0 , y 0 ), (xi, ji), . . . , (x„_ 1? y n -i)} of n point-value pairs such that 
all the Xk values are distinct, there is a unique polynomial A(x) of degree-bound n 
such that yk = A(xk) for k = 0, 1, . . . ,n — 1. 
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Proof The proof relies on the existence of the inverse of a certain matrix. Equa- 
tion (30.3) is equivalent to the matrix equation 



Jo 



\ 



I 1 / \ 



y n -i ) 



(30.4) 



The m^x on the left is denoted V(x 0 , x x , x n _i) and is known as a Vander- 
monde matfi^l By Problem D-l, this matrix has determinant 

n fo^). 

0<j<k<n— 1 t p. 

and therefore, by Therein D.5, it is invertible (that is, nonsingular) if the x k are 
distinct. Thus, we can spWe for the coefficients aj uniquely given the point-value 
representation: ^ ^ 

a = V(x 0 , x r , . . . , x„_ 1 ) _1 <^> ■ 

The proof of Theorem 30^describes an algorithm for interpolation based on 
solving the set (30.4) of linear ^Stations. Using the LU decomposition algorithms 
of Chapter 28, we can solve these«equations in time 0(n 3 ). 

A faster algorithm for M-point interpolation is based on Lagrange's formula: 

^ (30.5) 

m ^ 

You may wish to verify that the right-hand side oQquation (30.5) is a polynomial 
of degree-bound n that satisfies A(x k ) = y k for aHx. Exercise 30.1-5 asks you 
how to compute the coefficients of A using Lagrange'^ formula in time 0(« 2 ). 

Thus, n -point evaluation and interpolation are well-^te£ned inverse operations 
that transform between the coefficient representation of a /polynomial and a point- 
value representation. 1 The algorithms described above fo^lihese problems take 
time &(n 2 ). V 

The point-value representation is quite convenient for many operations on poly- 
nomials. For addition, if C(x) = A(x) + B(x), then C(x k ) = A(x k ) + B(x k ) for 
any point x k . More precisely, if we have a point- value representation for A, 



A(x) 



^ n Wr ; 

=0 [(Xk-Xj) 



Interpolation is a notoriously tricky problem from the point of view of numerical stability. Although 
the approaches described here are mathematically correct, small differences in the inputs or round-off 
errors during computation can cause large differences in the result. 
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{(x 0 , Jo), (Xi, yi), (X n -i , y„-i)} , 
^ and for B, 

■S%x 0 , y' 0 ), (xuyj, (x n -i , y H _{)} 

(^iWthat A and B are evaluated at the same n points), then a point-value repre- 
sentation for C is 

{(*o,5j^ y' 0 ), (xi, yi + y[), . . . , (x„-i, y n -i + y' n _ x )\ . 

Thus, thet^tCttie to add two polynomials of degree-bound n in point- value form 
is &(n). y>' 

Similarly, th£)point-value representation is convenient for multiplying polyno- 
mials. If C(x) ^\A(x)B(x), then C(Xk) = A(xi c )B(xi c ) for any point Xk, and 
we can pointwise mfttiply a point- value representation for A by a point-value rep- 
resentation for B to,oJ»fain a point-value representation for C . We must face the 
problem, however, that^gree(C) = degree(.4) + degree(5); if A and B are of 
degree-bound n, then O is? of degree-bound 2n. A standard point-value represen- 
tation for A and B consists^ n point- value pairs for each polynomial. When we 
multiply these together, we geU/ point-value pairs, but we need 2n pairs to interpo- 
late a unique polynomial C ofMegree-bound 2n. (See Exercise 30.1-4.) We must 
therefore begin with "extended'* point-value representations for A and for B con- 
sisting of 2n point-value pairs eacnJGiven an extended point-value representation 
for A, X 

{(X 0 , Jo), (Xl, Jl), . . . , (X2H-1 , yin-l)f^y 

and a corresponding extended point-value ^presentation for B, 

{(x 0 ,y' 0 ),(x 1 ,y' 1 ),...,(x 2 n-i,y 2n - 1 )} , 
then a point-value representation for C is 

{(xo^oy^Axuyiy^),. ■ ■ ,(x2n-i,y2n-iy' 2 „-i)} •• 

Given two input polynomials in extended point-value ibpm, we see that the time to 
multiply them to obtain the point- value form of the result^© (n), much less than 
the time required to multiply polynomials in coefficient form. 

Finally, we consider how to evaluate a polynomial given in point-value form at a 
new point. For this problem, we know of no simpler approach than converting the 
polynomial to coefficient form first, and then evaluating it at the new point. 



Fast multiplication of polynomials in coefficient form 



Can we use the linear-time multiplication method for polynomials in point-value 
form to expedite polynomial multiplication in coefficient form? The answer hinges 
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• , a n -\ 







Ordinary multiplication 



Time @(n 2 ) 



Co. C\ , 



■ > c 2n-2 



Evaluation 
(^Jme ®(n Ign) 

4 



A(a>%- l ),B(a>%- 1 ) 



Pointwise multiplication 



Time @(n) 



Coefficient 
representations 



Interpolation 
Time ®(n \gn) 





1 







Point-value 
representations 



Figure 30.1 A graphical, outline of an efficient polynomial-multiplication process. Representations 
on the top are in coefficien^form, while those on the bottom are in point-value form. The arrows 
from left to right correspond to^fte multiplication operation. The u>i n terms are complex (2«)th roots 
of unity. S 

on whether we can convert a p^ynomial quickly from coefficient form to point- 
value form (evaluate) and vice versa (interpolate). 

We can use any points we want Revaluation points, but by choosing the eval- 
uation points carefully, we can convSrtJ^etween representations in only ®(n Ign) 
time. As we shall see in Section 30.2$ if>we choose "complex roots of unity" as 
the evaluation points, we can produce a^-raeirit-value representation by taking the 
discrete Fourier transform (or DFT) of a^defficient vector. We can perform the 
inverse operation, interpolation, by taking thV' inverse DFT" of point-value pairs, 
yielding a coefficient vector. Section 30.2 wtlUtiow how the FFT accomplishes 
the DFT and inverse DFT operations in &(n lg n) 

Figure 30.1 shows this strategy graphically. Onevrhinor detail concerns degree- 
bounds. The product of two polynomials of degree-fcound n is a polynomial of 
degree-bound In. Before evaluating the input polyno^ikls A and B, therefore, 
we first double their degree-bounds to 2n by adding n higt^rder coefficients of 0. 
Because the vectors have 2n elements, we use "complex t^)th roots of unity," 
which are denoted by the a> 2n terms in Figure 30.1. 

Given the FFT, we have the following 0(« lg«)-time procedure for multiplying 
two polynomials A(x) and B(x) of degree-bound n, where the input and output 
representations are in coefficient form. We assume that n is a power of 2; we can 
always meet this requirement by adding high-order zero coefficients. 



1. Double degree-bound: Create coefficient representations of A(x) and B(x) as 
degree-bound In polynomials by adding n high-order zero coefficients to each. 
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2. Evaluate: Compute point-value representations of A(x) and B(x) of length 2n 
by applying the FFT of order 2n on each polynomial. These representations 
contain the values of the two polynomials at the (2«)th roots of unity. 

Pointwise multiply: Compute a point-value representation for the polynomial 
x) = A{x)B(x) by multiplying these values together pointwise. This repre- 
''sghtation contains the value of C(x) at each (2n)th root of unity. 

wlate: Create the coefficient representation of the polynomial C(x) by 
apprymg the FFT on 2n point-value pairs to compute the inverse DFT. 

Steps (1) aW?) take time 0(«), and steps (2) and (4) take time 0(/i lg«). Thus, 
once we show^itow to use the FFT, we will have proven the following. 

Theorem 30.2 

We can multiply two polynomials of degree-bound n in time 0(« lg«), with both 
the input and output representations in coefficient form. ■ 

30.1-1 . 

Multiply the polynomials A(x) =*nj 3 — x 2 + x — 10 and B(x) = Sx 3 — 6x + 3 
using equations (30.1) and (30.2). 

30.1-2 O 

Another way to evaluate a polynomial A$k) 'j)f degree-bound n at a given point x 0 
is to divide A(x) by the polynomial (x — x^y obtaining a quotient polynomial q(x) 
of degree-bound n — 1 and a remainder r, stfohJthat 

A(x) = q(x)(x - x 0 ) + r . A 

Clearly, A(x 0 ) = r. Show how to compute the remainder r and the coefficients 
of q(x) in time 0(/i) from x 0 and the coefficients of 

3o1 ' 3 3p? 

Derive a point-value representation for yl rev (x) = YTj=o c ^n-\-j x ' from a point- 
value representation for A(x) = Y^=o a j x ' 1 > assuming that none of the points is 0. 

30.1-4 

Prove that n distinct point-value pairs are necessary to uniquely specify a polyno- 
mial of degree-bound n , that is, if fewer than n distinct point- value pairs are given, 
they fail to specify a unique polynomial of degree-bound n. {Hint: Using Theo- 
rem 30.1, what can you say about a set of n — 1 point-value pairs to which you add 
one more arbitrarily chosen point- value pair?) 
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^ 30.1-5 

. Show how to use equation (30.5) to interpolate in time &(n 2 ). (Hint: First compute 
\jthe coefficient representation of the polynomial J~J . (x — Xj ) and then divide by 
■^x^-Xk) as necessary for the numerator of each term; see Exercise 30.1-2. You can 
co(Mjjute each of the n denominators in time 0(n).) 

30.1$ 

ExplairNwhat is wrong with the "obvious" approach to polynomial division using 
a point- value, representation, i.e., dividing the corresponding y values. Discuss 
separately f^ca^e in which the division comes out exactly and the case in which 
it doesn't. \ . 

30.1-7 ^ 

Consider two sets A&nd B, each having n integers in the range from 0 to 10«. We 
wish to compute the Cartesian sum of A and B, defined by 

C = {x + y : x € A and^ e B} . 

Note that the integers in in the range from 0 to 20n. We want to find the 

elements of C and the number of times each element of C is realized as a sum of 
elements in A and B. Show h® to solve the problem in 0(n Ign) time. (Hint: 
Represent A and B as polynomial* of^iegree at most lOn.) 

i> 

30.2 The DFT and FFT 

In Section 30.1, we claimed that if we use compiex roots of unity, we can evaluate 
and interpolate polynomials in 0(« lgn) time. Ift-this section, we define complex 
roots of unity and study their properties, define the^FT, and then show how the 
FFT computes the DFT and its inverse in &(n Ign) time. 

Complex roots of unity 

A complex nth root of unity is a complex number co such trt^> 
co n = 1 . 

There are exactly n complex /2th roots of unity: e. l7!lk l n for k = 0, 1, — 1. 
To interpret this formula, we use the definition of the exponential of a complex 
number: 

e = cos(w) + i sin(w) . 

Figure 30.2 shows that the n complex roots of unity are equally spaced around the 
circle of unit radius centered at the origin of the complex plane. The value 
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Figure 30.2 The vaWS^of co2, <w| col in the complex plane, where cog = e 23r '/ 8 is the prin- 
cipal 8th root of unity. ^ 



C0„ 



(30.6) 



is the principal nth root ojii^ity - all other complex nth roots of unity are powers 
ofc<v ^A-v 
The n complex nth roots orunity, 



form a group under multiplication ^ee Section 31.3). This group has the same 
structure as the additive group (Z„, +]@odulo n, since ct>% = co° = 1 implies that 



CO 



j+k 



ft) C/+fe)mod» Similar^ct.- 1 = co n ~ x . The following lemmas 



furnish some essential properties of the convex nth roots of unity. 

Lemma 30.3 (Cancellation lemma) Q 

For any integers n > 0, k > 0, and a? > 0, ^\ 



CO 



dk 
dn 



(30.7) 



Proof The lemma follows directly from equation (30.fj£)since 

2xildn\ dk </ 



CO 



dk 
dn 



^/Ini/dny 

{e lni ' n ) k 
col. 



2 Many other authors define a> n differently: co n = e — 27r, 7 B . This alternative definition tends to be 
used for signal-processing applications. The underlying mathematics is substantially the same with 
either definition of a> n . 
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Corollary 30.4 

For any even integer n > 0, 

%* 2 = <o 2 = -l. 



Pro 



'oofj The proof is left as Exercise 30.2-1. ■ 

\ 

Lemma 3v.5M.Halving lemma) 

If n > 0 is eeven^then the squares of the n complex nth roots of unity are the n/2 
complex (n / z^th^roots of unity. 

Proof By the cancellation lemma, we have (co„) 2 = co^ 2 , for any nonnegative 
integer k. Note thaler we square all of the complex nth roots of unity, then we 
obtain each (n / 2)th ro\^of unity exactly twice, since 

/, ,k+n/2\2 _ ,/lk+n 



,k\2 



= K) 

Thus, and a> k+n/2 have the same jjquare. We could also have used Corol 
lary 30.4 to prove this p 
thus (co k n + "l 2 ) 2 = (a) k n ) 2 . 



sam^ 



lary 30.4 to prove this property, since c^ 2 = — 1 implies co k+n ^ 2 = -co*, and 



As we shall see, the halving lemma is essential to our divide-and-conquer ap- 
proach for converting between coefficient andfjSaJnt-value representations of poly- 
nomials, since it guarantees that the recursive su t©bbl ems are only half as large. 

Lemma 30.6 (Summation lemma) , 

For any integer n > 1 and nonzero integer k not divisib^lpy n, 

EK) 7 =°- <> 



Proof Equation (A.5) applies to complex values as well as to reals, and so we 
have 
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Kr - 

CO* -I 



EK) ; 

X 



o. 



Because we^fe^uire that k is not divisible by n, and because &>„ = 1 only when A: 
is divisible by^K we ensure that the denominator is not 0. ■ 

The DFT (\ 

Recall that we wish t&^aluate a polynomial 

n-1 s> 

of degree-bound n at &>°, o)\ , a>$, . , &>" _1 (that is, at the n complex nth roots of 
unity). 3 We assume that A is giver@ coefficient form: a = (a 0 ,cii, . . . , a„-\). Let 
us define the results y k , for k = 0, kx\ . , n — 1, by 



n-1 



*> O 



= £"X'- ^ 00.8) 

ol 

The vector y = (y 0 , y l , . . . , v„_i) is the discrete J^surier transform (DFT) of the 
coefficient vector a = (a 0 ,ai, . . . ,a„-\). We also write y = DFT„(a). 

"o 

The FFT Q 

By using a method known as the fast Fourier transforrn^FT), which takes ad- 
vantage of the special properties of the complex roots of unity, we can compute 
DFT„(fl) in time 0(« lg«), as opposed to the &(n 2 ) time of the straightforward 
method. We assume throughout that n is an exact power of 2. Although strategies 



3 The length n is actually what we referred to as 2« in Section 30. 1 , since we double the degree-bound 
of the given polynomials prior to evaluation. In the context of polynomial multiplication, therefore, 
we are actually working with complex (2w)th roots of unity. 
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for dealing with non-power-of-2 sizes are known, they are beyond the scope of this 
book. 

The FFT method employs a divide-and-conquer strategy, using the even-indexed 
•afiral odd-indexed coefficients of A(x) separately to define the two new polynomials 
Jfl^yc) and y4^(jc) of degree-bound n/2: 

A m ($ = a 0 + a 2 x + a 4 x 2 + ■ • ■ + a„- 2 x n/2 ~ l , 
A [1] (xy^Q ai + a 3 x + a 5 x 2 + ■ ■ ■ + a n -ix n/2 ~ 1 . 

Note that ^fc^contains all the even-indexed coefficients of A (the binary represen- 
tation of the u^fex ends in 0) and A^ contains all the odd-indexed coefficients (the 
binary representation of the index ends in 1). It follows that 

A(x) = A [0] (x 2 ) ^x^ [1] (x 2 ) , (30.9) 

so that the problem of^aluating A(x) at &)°, <a*, . . . , ft^ -1 reduces to 

1. evaluating the degree^bqjand n/2 polynomials ^4^(x) and j4^(x) at the points 

K 0 ) 2 ,^) 2 ,...,^- 1 )^ (30.10) 

and then • » 

2. combining the results according te'equation (30.9). 



By the halving lemma, the list of val^s (30.10) consists not of 11 distinct val- 
ues but only of the n/2 complex («/2)fh@jts of unity, with each root occurring 
exactly twice. Therefore, we recursively evstfyate the polynomials A^ and A^ 
of degree-bound n/2 at the n/2 complex (nYffih roots of unity. These subprob- 
lems have exactly the same form as the originat-eroblem, but are half the size. 
We have now successfully divided an n -element DKJ^, computation into two n/2- 
element DFT„ /2 computations. This decomposition is the basis for the follow- 
ing recursive FFT algorithm, which computes the t^FILof an n -element vector 
a = (a 0 ,ai, . . . ,a n -\), where n is a power of 2. ^ _ 

% 
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Recursive-FFT (a) 
1 n — a. length II n is a power of 2 

if#i==l 
return a 

<2p j) n = e lniln 
5^> = 1 

6 ^ = (a 0 ,a 2 ,. . . ,a n - 2 ) 

7 (fli,a 3 ,---.a»-i) 

9 ^Recursive-FFT (a 

10 fork =&\pn/2-\ 

11 ^>C [o] [i] 

12 yjt+0,/2) - a) n J 

13 a> = a)a)„y>* 

14 return v ^ // J is assumed to be a column vector 

The Recursive-FFT pr^^ure works as follows. Lines 2-3 represent the basis 
of the recursion; the DFT orc^ element is the element itself, since in this case 

y a = a 0 co° .v 
= a 0 • 1 O v 

o 

Lines 6-7 define the coefficient vectors @t the polynomials A*- 0 ' and Lines 
4, 5, and 13 guarantee that co is updatea-^Vperly so that whenever lines 11-12 
are executed, we have co = co„. (Keeping^junning value of co from iteration 
to iteration saves time over computing co„ fron^scratch each time through the for 
loop.) Lines 8-9 perform the recursive DFT„/ 2 ^mputations, setting, for k = 
0,l,...,«/2- 1, ^ 



y[ l] = ^ [1] « 2 ). 

or, since co^ 2 = &>„ by the cancellation lemma, 

yf = A m (ul k ), 

y 1 ^ = A^(cof). 



Chapter 30 Polynomials and the FFT 



Lines 11-12 combine the results of the recursive DFT„/ 2 calculations. For y 0 , y lt 
. . .,y„/ 2 -i, line 11 yields 

A^(co 2k ) + co k A^(co 2k ) 
*=) A(co k ) (by equation (30.9)) . 

For J«/^7y2+i, • • • , y n -u letting k = 0,1,..., n/2 - 1, line 12 yields 

yk+(niD -y/y k -<*> n yk 

= A^ 2k ) + a) k+ ^ 2) A^(a) 2k ) 

A l0] (($ +n ) + co k+{n/2) A [1] (co 2k+n ) (since co 2k+n = co 2k ) 

(by equation (30.9)) . 



Mco k n +< th 



Thus, the vector y returned>by Recursive-FFT is indeed the DFT of the input 
vector a . 

Lines 11 and 12 multiply each value y^ by a) k , for k = 0, 1 n/2 — 1. 

Line 11 adds this product to yf , and line 12 subtracts it. Because we use each 
factor co k in both its positive and* negative forms, we call the factors a> k twiddle 
factors. ^ > 

To determine the running time of procedure RECURSIVE-FFT, we note that 
exclusive of the recursive calls, each invocation takes time 0(n), where n is the 
length of the input vector. The recuiTencevterthe running time is therefore 

T(n) = 2T(n/2) + &(n) ^ 
= ®(n\gn). O 

Thus, we can evaluate a polynomial of degree-bouna n at the complex nth roots of 
unity in time &(n lg n) using the fast Fourier transform.^^ 

Interpolation at the complex roots of unity 

We now complete the polynomial multiplication scheme by showing how to in- 
terpolate the complex roots of unity by a polynomial, which enables us to convert 
from point-value form back to coefficient form. We interpolate by writing the DFT 
as a matrix equation and then looking at the form of the matrix inverse. 

From equation (30.4), we can write the DFT as the matrix product y = V n a, 
where V n is a Vandermonde matrix containing the appropriate powers of co n : 
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J'o 
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J3 
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00 



1 
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\ 



/ a 0 \ 



3(«-l) 



(n-l)(n-l) 



«3 



1. The exponents of the 



The (fcj^entry of V„ is for = 0,1 n 

entries or $ fqrm a multiplication table. 

For the ihj4rse operation, which we write as a = DFT" 1 ^), we proceed by 
multiplying to the matrix V~ l , the inverse of V„. 

Theorem 30.7 

For j, k = 0, 1, . . . 1, the (J, k) entry of V~ x is oo~ kj /n. 
Proof We show that K n ^F„ = /„, the n x « identity matrix. Consider the (j, j') 

n-1 ^> 

This summation equals 1 if j ' = y , and it fgfi) otherwise by the summation lemma 
(Lemma 30.6). Note that we rely on — (n — >^j^£ j' — j < n — 1, so that j' — j is 
not divisible by « , in order for the summation l^nVma to apply. ■ 

Given the inverse matrix V n 1 , we have that DFT n 1 (y) is given by 



entry of V~ l V n : 



n-\ 



j n— 1 



fey 



(30.11) 



" *=° 

for 7 = 0, 1, ...,« — 1. By comparing equations (30.8) and (30.11), we see that 
by modifying the FFT algorithm to switch the roles of a and y, replace a) n by oj~ 1 , 
and divide each element of the result by n, we compute the inverse DFT (see Ex- 
ercise 30.2-4). Thus, we can compute DFT" 1 in 0(« lgn) time as well. 

We see that, by using the FFT and the inverse FFT, we can transform a poly- 
nomial of degree-bound n back and forth between its coefficient representation 
and a point-value representation in time &(n Ign). In the context of polynomial 
multiplication, we have shown the following. 
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Theorem 30.8 (Convolution theorem) 

For any two vectors a and b of length n, where n is a power of 2, 

b = DFT"^ (DFT 2 „ (a) ■ DFT 2 „ (b)) , 

whe£e the vectors a and b are padded with Os to length 2n and ■ denotes the com- 
pone^wise product of two In -element vectors. ■ 

Exercises ^ 

30.2-1 \\ 

Prove Corollary^A 

30.2-2 A 

Compute the DFT of th^ vector (0, 1, 2, 3). 

V 

30.2-3 ^ > 

Do Exercise 30.1-1 by usingolje ®(n lgn)-time scheme. 

30.2-4 0 

Write pseudocode to compute DFJ^ 1 in &(n Ign) time. 

30.2-5 V/> 

Describe the generalization of the FFTroecedure to the case in which n is a power 
of 3. Give a recurrence for the running trrna^and solve the recurrence. 

30.2-6 * 



Suppose that instead of performing an «-elerfiferj)t FFT over the field of complex 
numbers (where n is even), we use the ring zOof integers modulo m, where 
m = 2 tn/2 + 1 and / is an arbitrary positive integ Use co = 2* instead of co„ 
as a principal «th root of unity, modulo m. Prove that Ijae DFT and the inverse DFT 
are well defined in this system. 0. 

30.2-7 

Given a list of values z 0 , Z\ Z n -\ (possibly with repetitiotfs), show how to find 

the coefficients of a polynomial P(x) of degree-bound n + 1 that has zeros only 

at Zo, Zi Z n -\ (possibly with repetitions). Your procedure should run in time 

0(n lg 2 ft). (Hint: The polynomial P(x) has a zero at Zj if and only if P(x) is a 
multiple of (x — Zj)-) 

30.2-8 ★ 

The chirp transform of a vector a = (a 0 ,ai, . . . ,a n -i) is the vector y = 
(y 0 , Vi, . . . , Jn-i), where y^ = X^=o a jZ kj and z is any complex number. The 
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DFT is therefore a special case of the chirp transform, obtained by taking z = (D n . 
, Show how to evaluate the chirp transform in time 0(n lg n) for any complex num- 
\§\ ber z. (Hint: Use the equation 

%>^ 2/2 E(^-^ 2/2 )(^ ( ^ )2/2 ) 



to viiw^the chirp transform as a convolution.) 



30.3 Efficient FFT implementations 

utmost speed, this sacAon examines two efficient FFT implementations. First, we 
shall examine an iterat^& version of the FFT algorithm that runs in &(n lgn) time 
but can have a lower constant hidden in the ©-notation than the recursive version 
in Section 30.2. (DependTn^on the exact implementation, the recursive version 
may use the hardware cache ifSye efficiently.) Then, we shall use the insights that 
led us to the iterative implementation to design an efficient parallel FFT circuit. 

An iterative FFT implementation 

We first note that the for loop of linesQ)-13 of RECURSIVE-FFT involves com- 
puting the value a>% y^ twice. In corn^^r terminology, we call such a value a 
common subexpression. We can change tfi^oop to compute it only once, storing 
it in a temporary variable t. Xa_) 

c> 

for k = 0 ton/2- 1 

t = a>yf 



y k = yf + t O 
yk+(niD - yk 



[o]_, O 



Q) = Q)Q)„ 



The operation in this loop, multiplying the twiddle factor co = a>„ by y k , storing 
the product into t, and adding and subtracting t from y k °\ is known as a butterfly 
operation and is shown schematically in Figure 30.3. 

We now show how to make the FFT algorithm iterative rather than recursive 
in structure. In Figure 30.4, we have arranged the input vectors to the recursive 
calls in an invocation of RECURSIVE-FFT in a tree structure, where the initial 
call is for n = 8. The tree has one node for each call of the procedure, labeled 
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JO] ,.*.,[!] 



yi 1 ^ 



y k ^ M ny k 



<b) 



Figure 30.3^^A butterfly operation, (a) The two input values enter from the left, the twiddle fac- 
tor (1)% is mu^jMied by and the sum and difference are output on the right, (b) A simplified 
drawing of a bcrfter^ly operation. We will use this representation in a parallel FFT circuit. 




Figure 30.4 The tree of input vectors to the recursive calls of the RECURSIVE-FFT procedure. The 
initial invocation is for n = 8. ^) 

by the corresponding input vector. Each REtjmsiVE-FFT invocation makes two 
recursive calls, unless it has received a l-elei^r@ vector. The first call appears in 
the left child, and the second call appears in the r(g^t child. 

Looking at the tree, we observe that if we cou^arrange the elements of the 
initial vector a into the order in which they appear iri the leaves, we could trace 
the execution of the RECURSIVE-FFT procedure, but^ttom up instead of top 
down. First, we take the elements in pairs, compute the^BFT of each pair using 
one butterfly operation, and replace the pair with its DFT. vector then holds 
n/2 2-element DFTs. Next, we take these n/2 DFTs in pafrs and compute the 
DFT of the four vector elements they come from by executing two butterfly oper- 
ations, replacing two 2-element DFTs with one 4-element DFT. The vector then 
holds n/4 4-element DFTs. We continue in this manner until the vector holds two 
(«/2)-element DFTs, which we combine using n/2 butterfly operations into the 
final n -element DFT. 

To turn this bottom-up approach into code, we use an array A[0. . n — 1] that 
initially holds the elements of the input vector a in the order in which they appear 
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in the leaves of the tree of Figure 30.4. (We shall show later how to determine this 
order, which is known as a bit-reversal permutation.) Because we have to combine 
DFTs on each level of the tree, we introduce a variable s to count the levels, ranging 
/ftom 1 (at the bottom, when we are combining pairs to form 2-element DFTs) 
n (at the top, when we are combining two (m/2) -element DFTs to produce the 
Kesult). The algorithm therefore has the following structure: 

= 1 to lg n 
*&rk = 0 to n - 1 by 2 s 
\y combine the two 2 S_1 -element DFTs in 
y > ' A[k..k + 2 s ~ l - 1] and A[k + 2 s ~ l . . k + 2 s - 1] 
*^>into one 2 s -element DFT in A[k . .k + 2 s - 1] 

We can express\!h\^)ody of the loop (line 3) as more precise pseudocode. We 
copy the for loopMrom the RECURSIVE-FFT procedure, identifying with 
A[k . . k + 2 s ' 1 - lY^r^ y [1] with A[k + 2 s ~ l . . k + 2 s - 1]. The twiddle fac- 
tor used in each butterfly operation depends on the value of s; it is a power of co m , 
where m = 2 s . (We intf^etuce the variable m solely for the sake of readability.) 
We introduce another temporary variable u that allows us to perform the butterfly 
operation in place. When w£«eplace line 3 of the overall structure by the loop 
body, we get the following pseudocode, which forms the basis of the parallel im- 
plementation we shall present lat@ The code first calls the auxiliary procedure 
Bit-Reverse-Copy {a, A) to copy^ector a into array A in the initial order in 
which we need the values. Q 

Iterative-FFT (a) 

1 Bit-Reverse-Copy (a, A) 

2 n — a. length II n is a powWpi 2 

3 for s = 1 to lg n x 

4 m = 2 s O 

5 co m = e 2nilm • 

6 for k = 0 to n — 1 by m 

1 0) = \ O 

8 for j = Otom/2- 1 vj> 

9 t = coA[k + j + m/2] 

10 u = A[k + j] 

11 A[k + j] = u + t 

12 A[k + j + m/2] = u-t 

13 co = co co m 

14 return A 

How does Bit-Reverse-Copy get the elements of the input vector a into the 
desired order in the array Al The order in which the leaves appeal - in Figure 30.4 
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Bit-Reverse-Copy 1^4) 
1 n — a. length 



is a bit-reversal permutation. That is, if we let rev(k) be the lgw-bit integer 
formed by reversing the bits of the binary representation of k, then we want to 
•^>lace vector element a k in array position ^4[rev(&)]. In Figure 30.4, for exam- 
the leaves appeal - in the order 0, 4, 2, 6, 1,5, 3, 7; this sequence in binary is 
00^00, 010, 1 10, 001 , 101 , 01 1 , 1 1 1, and when we reverse the bits of each value 
wegpf^he sequence 000,001,010,011, 100, 101, 110, 111. To see that we want a 
bit-revsisal permutation in general, we note that at the top level of the tree, indices 
whose Ibw>prder bit is 0 go into the left subtree and indices whose low-order bit 
is 1 go into the right subtree. Stripping off the low-order bit at each level, we con- 
tinue this procas« down the tree, until we get the order given by the bit-reversal 
permutation aMhe leaves. 

Since we can sasiiy compute the function rev(/c), the Bit-Reverse-Copy pro- 

2 for k = 0 to n - 1 

3 A[iev(k)] = a k C\ 

0 

The iterative FFT implementakion>runs in time 0(«lg«). The call to BlT- 
REVERSE-COPY(a, A) certainly ril^s)in 0(n\gn) time, since we iterate n times 
and can reverse an integer between n — 1, with \gn bits, in 0(\gn) time. 

(In practice, because we usually know tl(fe)initial value of n in advance, we would 
probably code a table mapping k to rev(M>making Bit-Reverse-Copy run in 
0(«) time with a low hidden constant. Alternatively, we could use the clever amor- 
tized reverse binary counter scheme describeai^KProblem 17-1.) To complete the 
proof that Iterative-FFT runs in time ®(n lgn>rwe show that L(n), the number 
of times the body of the innermost loop (lines executes, is 0(nlgn). The 

for loop of lines 6-13 iterates n/m = n/2 s times for each value of s, and the 
innermost loop of lines 8-13 iterates m/2 = 2 s ~ l times^hus, 



L(n) 



s = l 
Ign 



^ 2 

s=\ 

= &(n Ign) . 
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Figure 30.5 A circuit that compu^ the FFT in parallel, here shown on n = 8 inputs. Each 
butterfly operation takes as input the varies qn two wires, along with a twiddle factor, and it produces 
as outputs the values on two wires. Thev^fages of butterflies are labeled to correspond to iterations 
of the outermost loop of the lTERATIVE^fTT>procedure. Only the top and bottom wires passing 
through a butterfly interact with it; wires trait nass through the middle of a butterfly do not affect 
that butterfly, nor are their values changed by tsaJ'butterfly. For example, the top butterfly in stage 2 
has nothing to do with wire 1 (the wire whose oumjk is labeled vi); its inputs and outputs are only 
on wires 0 and 2 (labeled yo and y2, respectiveTy^CThis circuit has depth 0(lg«) and performs 
&(n lgw) butterfly operations altogether. 



A parallel FFT circuit 



O 



We can exploit many of the properties that allowed us to implement an efficient 
iterative FFT algorithm to produce an efficient paralleOlgorithm for the FFT. We 
will express the parallel FFT algorithm as a circuit. Figy)e 30.5 shows a parallel 
FFT circuit, which computes the FFT on n inputs, for n ^OB. The circuit begins 
with a bit-reverse permutation of the inputs, followed by lg n stages, each stage 
consisting of n/2 butterflies executed in parallel. The depth of the circuit— the 
maximum number of computational elements between any output and any input 
that can reach it— is therefore 0(lg n). 

The leftmost part of the parallel FFT circuit performs the bit-reverse permuta- 
tion, and the remainder mimics the iterative Iterative-FFT procedure. Because 
each iteration of the outermost for loop performs n/2 independent butterfly opera- 
tions, the circuit performs them in parallel. The value of s in each iteration within 
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Iterative-FFT coixesponds to a stage of butterflies shown in Figure 30.5. For 
« 5 = l,2,...,lgn, stage s consists of n/2 s groups of butterflies (corresponding to 
•^ach value of k in Iterative-FFT), with 2 s ' 1 butterflies per group (corresponding 
■to^ach value of j in Iterative-FFT). The butterflies shown in Figure 30.5 corre- 
spwfd to the butterfly operations of the innermost loop (lines 9-12 of Iterative- 
FFT^&ote also that the twiddle factors used in the butterflies correspond to those 
used Kv^TERATlVE-FFT: in stage s, we use co^, co^, . . . , a>™ /2 ~ 1 , where m = 2 s . 

30.3-1 \> 

Show how Iterative-FFT computes the DFT of the input vector (0, 2, 3, -1, 4, 

5, 7, 9). 

30.3-2 y>' 

Show how to implement ^FFT algorithm with the bit-reversal permutation occur- 
ring at the end, rather thaiva^the beginning, of the computation. (Hint: Consider 
the inverse DFT.) ^\ 

30.3-3 ® 

How many times does iTERATlvt-TiFT compute twiddle factors in each stage? 
Rewrite Iterative-FFT to compute^wjddle factors only 2 S_1 times in stage s. 

30.3-4 * O 

Suppose that the adders within the butter^j^operations of the FFT circuit some- 
times fail in such a manner that they alway^roduce a zero output, independent 
of their inputs. Suppose that exactly one addei>rfas failed, but that you don't know 
which one. Describe how you can identify the taped adder by supplying inputs to 
the overall FFT circuit and observing the outputs/Hd^v efficient is your method? 

a 

Problems O . 

30-1 Divide -and-conquer multiplication 

a. Show how to multiply two linear polynomials ax + b and cx + d using only 
three multiplications. (Hint: One of the multiplications is (a + b) ■ (c + d).) 

b. Give two divide-and-conquer algorithms for multiplying two polynomials of 
degree-bound n in 9(« lg3 ) time. The first algorithm should divide the input 
polynomial coefficients into a high half and a low half, and the second algorithm 
should divide them according to whether their index is odd or even. 
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c. Show how to multiply two /i -bit integers in 0(n lg3 ) steps, where each step 
operates on at most a constant number of 1-bit values. 

\p0-2 Toeplitz matrices 
JQTofplitz matrix is an n x n matrix A = (ay) such that a,j = Ui-ij-i for 
i =*0< 3, . . . , n and j =2,3,..., n. 



a. Is ihVsum of two Toeplitz matrices necessarily Toeplitz? What about the prod- 
uct?^ 

b. DescribeXriqw to represent a Toeplitz matrix so that you can add two n x n 
Toeplitz matrices in O(n) time. 

c. Give an 0{n lg(7$-time algorithm for multiplying an n x n Toeplitz matrix by a 
vector of length >%A3se your representation from part (b). 

d. Give an efficient algorithm for multiplying two nxn Toeplitz matrices. Analyze 
its running time. 

30-3 Multidimensional fas^ourier transform 

We can generalize the l-dimensioffRl discrete Fourier transform defined by equa- 
tion (30.8) to d dimensions. The mput>is a d -dimensional array A = (dj 1 j 2i ...j d ) 
whose dimensions are rii,n 2 , ■ ■ ■ ,/r^^-where n\n 2 ---nd = n. We define the 
d -dimensional discrete Fourier transform-by the equation 

ni-ln 2 -l n d -\ ^CA 

j 1 =0; 2 =0 j d =0 Q 

for 0 < ki < ni, 0 < ki < n 2 , ...,0<ka < «^.(^ 



a. Show that we can compute a d -dimensional DFT b^y^computing 1 -dimensional 
DFTs on each dimension in turn. That is, we firs^compute n/n 1 separate 
1 -dimensional DFTs along dimension 1. Then, using-^he result of the DFTs 
along dimension 1 as the input, we compute n/n 2 separate 1 -dimensional DFTs 
along dimension 2. Using this result as the input, we compute n/n 3 separate 
1 -dimensional DFTs along dimension 3, and so on, through dimension d. 

b. Show that the ordering of dimensions does not matter, so that we can compute 
a d -dimensional DFT by computing the 1 -dimensional DFTs in any order of 
the d dimensions. 
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c. Show that if we compute each 1 -dimensional DFT by computing the fast Four- 
ier transform, the total time to compute a d -dimensional DFT is O(nlgn), 
\§\ independent of d . 

30&>) Evaluating all derivatives of a polynomial at a point 

Givefyi polynomial A(x) of degree-bound n, we define its tth derivative by 

^o/ A(x) if? = 0, 

A«\x) = ptf- 1) (x) if l<f<«-l, 

( ()VJ) if t > n . 

From the coefficieh$r<spresentation (a 0 , a.\ , . . . , a n -\) of A(x) and a given point x 0 , 
we wish to determine A^l(x 0 ) for / = 0, 1, ...,« — 1. 

a. Given coefficients b 0 (^}, . . . , b n _ x such that 
i4(jc) = Y^bj(x-x 0 ) J S ^ 

show how to compute ^4 (f) (x 0 ),^oi)? j= 0, 1, . . . , n — 1, in O(n) time. 

& Explain how to find b 0 ,b\,..., &„_i(Ij) 0(n \gn) time, given A(x 0 + for 
= 0, l,...,n- 1. 

c. Prove that 

A(x 0 + co k n ) = £ (if E - J) JO 

r=0 \ ' ' y=0 / , 



where /(/') = a, • 7 ! and 



g(0 = 



V/H)! if -(»-!) </ <0, 
0 if 1 < / < n - 1 . 



d. Explain how to evaluate A(x 0 + a>^) fork = 0, 1, ...,«— 1 in O(nlgn) 
time. Conclude that we can evaluate all nontrivial derivatives of A(x) at x 0 in 
0(n lg«) time. 
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30-5 Polynomial evaluation at multiple points 

We have seen how to evaluate a polynomial of degree-bound n at a single point in 
^\ 0(n) time using Horner's rule. We have also discovered how to evaluate such a 
^'polynomial at all n complex roots of unity in 0{n\gn) time using the FFT. We 
L *jU now show how to evaluate a polynomial of degree-bound n at n arbitrary 



poyrfs in 0(n lg 2 n) time. 

TtT/'Ste so, we shall assume that we can compute the polynomial remainder when 
one sucirpolynomial is divided by another in 0(n Ign) time, a result that we state 
without ppof. For example, the remainder of 3x 3 + x 2 — 3x + 1 when divided by 

x 2 + x 

(3x 3 + x 2 - %p+ 1) mod (x 2 + x + 2) = -Ix + 5 . 

Given the coeSSraent representation of a polynomial A{x) = Ylk==o a k xk 
n points x 0 , X\, . .>, jc«*-i, we wish to compute the n values A(xq), A{x\), . . . , 
A(x„-i). For 0 < i ^W>^ n — 1> define the polynomials Py(x) = ]"[(=, ( x — 
and Qij(x) = A(x) msdPy ^). Note that Qij{x) has degree at most j — i. 

a. Prove that A(x) mod ^^z) = A(z) for any point z- 

b. Prove that Qkk{x) = ^4(x^andthat Q 0n -\(x) = A{x). 

c. Prove that for i < k < j',WeJiave Qik{x) = Qij(x) mod Pikix) and 

rf. Give an 0(« lg 2 n)-time algorithm to^aluate A(x 0 ), A(x{), . . . , A(x n _x). 

FFT using modular arithmetic ^\_) 

As defined, the discrete Fourier transform req@es us to compute with complex 
numbers, which can result in a loss of precision d(tf£to round-off errors. For some 
problems, the answer is known to contain only integers, and by using a valiant of 
the FFT based on modular arithmetic, we can guaran^, that the answer is calcu- 
lated exactly. An example of such a problem is that of muftjplying two polynomials 
with integer coefficients. Exercise 30.2-6 gives one approach, using a modulus of 
length Q(n) bits to handle a DFT on n points. This proMem gives another ap- 
proach, which uses a modulus of the more reasonable length 0(\gn); it requires 
that you understand the material of Chapter 31. Let n be a power of 2. 

a. Suppose that we search for the smallest k such that p = kn + 1 is prime. Give 
a simple heuristic argument why we might expect k to be approximately In n . 
(The value of k might be much larger or smaller, but we can reasonably expect 
to examine 0(lg«) candidate values of k on average.) How does the expected 
length of p compare to the length of n ? 
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Let g be a generator of Z* and let w = g k mod p. 

Argue that the DFT and the inverse DFT are well-defined inverse operations 
y^modulo p, where w is used as a principal nth root of unity. 

c. Tmg\v how to make the FFT and its inverse work modulo p in time 0(n lg n), 
where operations on words of 0(\gn) bits take unit time. Assume that the 
algoomm is given p and w. 

d. Compute^he DFT modulo p = 17 of the vector (0, 5, 3, 7, 7, 2, 1,6). Note that 
g = 3 is a^enerator of Z* 7 . 

<> 



Chapter notes 

Van Loan's book [343] provides an outstanding treatment of the fast Fourier trans- 
form. Press, Teukolsky, Voiding, and Flannery [283, 284] have a good descrip- 
tion of the fast Fourier transform and its applications. For an excellent introduction 
to signal processing, a popular (RJT application area, see the texts by Oppenheim 
and Schafer [266] and Oppenheirr^and Willsky [267]. The Oppenheim and Schafer 
book also shows how to handle cas^Tn which n is not an integer power of 2. 

Fourier analysis is not limited to F^Wlensional data. It is widely used in image 
processing to analyze data in 2 or more/dipensions. The books by Gonzalez and 
Woods [146] and Pratt [281] discuss muluomiensional Fourier transforms and their 
use in image processing, and books by TdfimWri, An, and Lu [338] and Van Loan 
[343] discuss the mathematics of multidimenSioaal fast Fourier transforms. 

Cooley and Tukey [76] are widely creditecTwiardevising the FFT in the 1960s. 
The FFT had in fact been discovered many times pfeWmsly, but its importance was 
not fully realized before the advent of modern digiml computers. Although Press, 
Teukolsky, Vetterling, and Flannery attribute the origins of the method to Runge 
and Konig in 1924, an article by Heideman, Johnson, add^B urrus [163] traces the 
history of the FFT as far back as C. F. Gauss in 1805. 0> 

Frigo and Johnson [117] developed a fast and flexible "felplementation of the 
FFT, called FFTW ("fastest Fourier transform in the West"). FFTW is designed for 
situations requiring multiple DFT computations on the same problem size. Before 
actually computing the DFTs, FFTW executes a "planner," which, by a series of 
trial runs, determines how best to decompose the FFT computation for the given 
problem size on the host machine. FFTW adapts to use the hardware cache ef- 
ficiently, and once subproblems are small enough, FFTW solves them with opti- 
mized, straight-line code. Furthermore, FFTW has the unusual advantage of taking 
&(n lg n) time for any problem size n, even when n is a large prime. 
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Although the standard Fourier transform assumes that the input represents points 
that are uniformly spaced in the time domain, other techniques can approximate the 
^\ FFT on "nonequispaced" data. The article by Ware [348] provides an overview. 

'V 



31 • J^Jumber-Theoretic Algorithms 

Number theory w^pnce viewed as a beautiful but largely useless subject in pure 
mathematics. Today i^mber-theoretic algorithms are used widely, due in large part 
to the invention of cryptographic schemes based on large prime numbers. These 
schemes are feasible became we can find large primes easily, and they are secure 
because we do not know now to factor the product of large primes (or solve related 
problems, such as computing'ajscrete logarithms) efficiently. This chapter presents 
some of the number theory and related algorithms that underlie such applications. 

Section 31.1 introduces basi\ix;oncepts of number theory, such as divisibility, 
modular equivalence, and unique* factorization. Section 31.2 studies one of the 
world's oldest algorithms: Euclid's v qlgorithm for computing the greatest common 
divisor of two integers. Section 31.3 fi^iews concepts of modular arithmetic. Sec- 
tion 31.4 then studies the set of multiples@a given number a, modulo «, and shows 
how to find all solutions to the equation fl^N b (mod n) by using Euclid's algo- 
rithm. The Chinese remainder theorem is printed in Section 31.5. Section 31.6 
considers powers of a given number a, modul^^and presents a repeated-squaring 
algorithm for efficiently computing a b mod n, gi^y a, b, and n. This operation is 
at the heart of efficient primality testing and of mu^K modern cryptography. Sec- 
tion 31.7 then describes the RSA public -key cryptosystem. Section 31.8 examines 
a randomized primality test. We can use this test to rineMarge primes efficiently, 
which we need to do in order to create keys for the RSA-trryptosystem. Finally, 
Section 31.9 reviews a simple but effective heuristic for factfWig small integers. It 
is a curious fact that factoring is one problem people may wsh to be intractable, 
since the security of RSA depends on the difficulty of factoring large integers. 



Size of inputs and cost of arithmetic computations 

Because we shall be working with large integers, we need to adjust how we think 
about the size of an input and about the cost of elementary arithmetic operations. 

In this chapter, a "large input" typically means an input containing "large in- 
tegers" rather than an input containing "many integers" (as for sorting). Thus, 



31.1 Elementary number-theoretic notions 927 

we shall measure the size of an input in terms of the number of bits required to 
, represent that input, not just the number of integers in the input. An algorithm 
^\ with integer inputs ai,a 2 , . . . ,0% is a polynomial-time algorithm if it runs in time 
y'^olynomial in lg a\, lg a 2 , ■ ■ ■ , lg o^, that is, polynomial in the lengths of its binary - 
^n^oded inputs. 

JrKmost of this book, we have found it convenient to think of the elemen- 
tary y anthmetic operations (multiplications, divisions, or computing remainders) 
as primitive operations that take one unit of time. By counting the number of such 
arithmeiic^&perations that an algorithm performs, we have a basis for making a 
reasonable^stimate of the algorithm's actual running time on a computer. Elemen- 
tary operationsican be time-consuming, however, when their inputs are large. It 
thus becomes sdnyenient to measure how many bit operations a number-theoretic 
algorithm require*. Jn this model, multiplying two /3-bit integers by the ordinary 
method uses @Q3^5 bit„operations. Similarly, we can divide a /3-bit integer by a 
shorter integer or takbCfhe ..remainder of a /3-bit integer when divided by a shorter in- 
teger in time &(fi 2 ) by(§imple algorithms. (See Exercise 31.1-12.) Faster methods 
are known. For example,<^imple divide-and-conquer method for multiplying two 
/3-bit integers has a runnin^ime of 0(j6 lg3 ), and the fastest known method has 
a running time of 0(/3 lg /3 l|^&/3). For practical purposes, however, the 0(/3 2 ) 
algorithm is often best, and we sjialfuse this bound as a basis for our analyses. 

We shall generally analyze algotftfWis in this chapter in terms of both the number 
of arithmetic operations and the number of bit operations they require. 

o 

: & 

31.1 Elementary number-theoretic notions ^ 

This section provides a brief review of notioi^fPfrom elementary number theoiy 
concerning the set Z = {. . . , —2, — 1, 0, 1, 2, . .^of integers and the set N = 
{0, 1, 2, . . .} of natural numbers. 

Divisibility and divisors Q 

The notion of one integer being divisible by another is key to^ne theory of numbers. 
The notation d \ a (read "d divides a") means that a = kd for some integer k. 
Every integer divides 0. If a > 0 and d \ a, then \d\ < \a\. If d \ a, then we also 
say that a is a multiple of d. If d does not divide a, we write d \ a. 

If d | a and d > 0, we say that d is a divisor of a. Note that d \ a if and only 
if —d | a, so that no generality is lost by defining the divisors to be nonnegative, 
with the understanding that the negative of any divisor of a also divides a. A 
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divisor of a nonzero integer a is at least 1 but not greater than \a\. For example, the 
divisors of 24 are 1, 2, 3, 4, 6, 8, 12, and 24. 
^\ Every positive integer a is divisible by the trivial divisors 1 and a. The nontrivial 
■dfyjisors of a are the factors of a. For example, the factors of 20 are 2, 4, 5, and 10. 

%< 

Prime^nd composite numbers 

An integet^ > 1 whose only divisors are the trivial divisors 1 and a is a prime 
number OT^paore simply, a prime. Primes have many special properties and play a 
critical role incumber theory. The first 20 primes, in order, are 

2, 3, 5, 7, 11,yA, 17, 19, 23, 29, 31, 37, 41, 43, 47, 53, 59, 61, 67, 71 . 

Exercise 31.1-2 as^s\au to prove that there are infinitely many primes. An integer 
a > 1 that is not prime is, a composite number or, more simply, a composite. For 
example, 39 is compoMtejDecause 3 | 39. We call the integer 1 a unit, and it is 
neither prime nor composite, Similarly, the integer 0 and all negative integers are 
neither prime nor compositle^^ 

The division theorem, remaindeYs, and modular equivalence 

Given an integer n, we can parti tioi^f^e integers into those that are multiples of n 
and those that are not multiples of n. ,Mttch number theory is based upon refining 
this partition by classifying the nonmuWrales of n according to their remainders 
when divided by n. The following theorem-provides the basis for this refinement. 
We omit the proof (but see, for example, Nrves. and Zuckerman [265]). 



Theorem 31.1 (Division theorem) 

■g exi 

o 



For any integer a and any positive integer n, these jjxist unique integers q and r 
such that 0 < r < n and a = qn + r. 



The value q = \_a/n\ is the quotient of the division£~yhe value r = a mod n 
is the remainder (or residue) of the division. We have IjfOJjt n \ a if and only if 
a mod n = 0. y^X 

We can partition the integers into n equivalence classes according to their re- 
mainders modulo n. The equivalence class modulo n containing an integer a is 

[a\n = {a + kn : k e Z} . 

For example, [3] 7 = {. . . , — 1 1, — 4, 3, 10, 17, . . .}; we can also denote this set by 
[—4] 7 and [10] 7 . Using the notation defined on page 54, we can say that writing 
a e [b] n is the same as writing a = b (mod n). The set of all such equivalence 
classes is 
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Z„ = {[a]» :0< a <n- 1} . (31.1) 

When you see the definition 

\A n ={0,l,...,n-l} , (31.2) 

should read it as equivalent to equation (31.1) with the understanding that 0 
represents [0]„, 1 represents [1]„, and so on; each class is represented by its smallest 
nonn^ttive element. You should keep the underlying equivalence classes in mind, 
howeve^For example, if we refer to —1 as a member of Z„, we are really referring 
to [n — lj^f^ince —1 = n — 1 (mod n). 

Common divLjJrs and greatest common divisors 

If d is a divisor ^jvand d is also a divisor of b, then d is a common divisor of a 
and b. For example, the divisors of 30 are 1, 2, 3, 5, 6, 10, 15, and 30, and so the 
common divisors of ^4 and 30 are 1, 2, 3, and 6. Note that 1 is a common divisor 
of any two integers. \ . 

An important propertyC^cpmmon divisors is that 

d | a and d \ b implies d N^^" b) and d \ (a — b) . (31.3) 

More generally, we have that 

d | a and d \ b implies d \ (ax -K^jX (31-4) 

for any integers x and y. Also, if £P L-i?, then either \a\ < \b\ or b = 0, which 
implies that ^— ^ 

a | b and b \ a implies a = ±b . (31.5) 



The greatest common divisor of two intag^rs a and b, not both zero, is the 
largest of the common divisors of a and b; we d@t)te it by gcd(a, b). For example, 
gcd(24, 30) = 6, gcd(5, 7) = 1, and gcd(0, 9) If a and b are both nonzero, 
then gcd(a,b) is an integer between 1 and min(|a|,, |&|). We define gcd(0, 0) to 
be 0; this definition is necessary to make standard pi^jprties of the gcd function 
(such as equation (31.9) below) universally valid. Q 

The following are elementary properties of the gcd funet$Sn: 

gcd(a,6) = gcd(6,a), (31.6) 

gcd(a,6) = gcd(-a,6), (31.7) 

gcd(a,b) = gcd(|fl|,|Z»|), (31.8) 

gcd(a,0) = \a\ , (31.9) 

gcd(a,ka) = \a\ for any k e Z . (31.10) 

The following theorem provides an alternative and useful characterization of 
gcd(a,6). 
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Theorem 31.2 

If a and b are any integers, not both zero, then gcd(a,&) is the smallest positive 
^klement of the set {ax + by : x,y e Z} of linear combinations of a and b. 

Pr&of Let s be the smallest positive such linear combination of a and b, and let 
s =?\p^ + by for some x, y e Z. Let a = |_#AJ ■ Equation (3.8) then implies 

a mod = a — qs 

a — o(ax + &y) 
^^<1 - qx) + 6 (-fly) , 

and so a mod tf^fc a linear combination of a and b as well. But, since 0 < 
a mod s < s, we h^e that a mod 5 = 0, because s is the smallest positive such lin- 
ear combination. Th^&fore, we have that s \ a and, by analogous reasoning, s \ b. 
Thus, s is a common dMsor of a and b, and so gcd(a,&) > s. Equation (31.4) 
implies that gcd(a, b) j ^since gcd(a, b) divides both a and b and s is a linear 
combination of a and b. Bdt gcd(a, Z?) | s and 5 > 0 imply that gcd(a,b) < s. 
Combining gcd(a,b) > s 3ns8<gc&(a,b) < s yields gcd(a,6) = s. We conclude 
that s is the greatest common aj^or of a and ■ 

Corollary 31.3 

For any integers a and if d \ a awi-aj^b, then J | gcd(a, b). 

Proof This corollary follows from eqii2)on (31.4), because gcd(a, b) is a linear 
combination of a and b by Theorem 31.2^X ■ 

Corollary 31.4 

For all integers a and & and any nonnegative integ^f «, 
gcA(an, bn) = n gcd(<a, b) . ^ 

o 

Proof If n = 0, the corollary is trivial. If n > 0, then gc<^n,bn) is the smallest 
positive element of the set {anx + buy : x, y e Z}, which^jH times the smallest 
positive element of the set {ax + by : x, y e Z}. ^ ■ 

Corollary 31.5 

For all positive integers «, a, and b, if n | a& and gcd(a, «) = 1, then n \ b. 



Proof We leave the proof as Exercise 31.1-5. 
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Relatively prime integers 

Two integers a and b are relatively prime if their only common divisor is 1, that 



\M, if gcd(a,b) = 1. For example, 8 and 15 are relatively prime, since the divisors 
*ofv8 are 1, 2, 4, and 8, and the divisors of 15 are 1, 3, 5, and 15. The following 
theorem states that if two integers are each relatively prime to an integer p, then 
thei$airoduct is relatively prime to p. 

Theore^Bl.6 

For any Muggers a, b, and p, if both gcd(a,p) = 1 and gcd(b,p) = 1, then 
gcd(ab,p)^l. 

Proof It follo\¥^y£rom Theorem 31.2 that there exist integers x, y, x , and y such 
that <A 

ax + py = 1 , 

bx' + py' = 1 . ^ > 

Multiplying these equation^and rearranging, we have 
ab{xx') + p(ybx' + y'ax +^y/) = 1 . 

Since 1 is thus a positive linear v ^nbination of ab and p, an appeal to Theo- 
rem 31.2 completes the proof. ■ 

Integers tti, n 2 , «t are pairwise^ndatively prime if, whenever i ^ j , we 
have gcd(«,, nf) = 1. ^tC\ 

Unique factorization q 

An elementaiy but important fact about divisibility^ primes is the following. 
Theorem 31.7 

For all primes p and all integers a and b, if p \ ab, then@| a or p \ b (or both). 

Proof Assume for the purpose of contradiction that p but that p \ a and 
p \ b. Thus, gcd(a, p) = 1 and gcd(£>, p) = 1, since the only divisors of p are 1 
and p, and we assume that p divides neither a nor b. Theorem 31.6 then implies 
that gcd{ab,p) = 1, contradicting our assumption that p \ ab, since p \ ab 
implies gcd(ab, p) = p. This contradiction completes the proof. ■ 

A consequence of Theorem 31.7 is that we can uniquely factor any composite 
integer into a product of primes. 
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Theorem 31.8 (Unique factorization) 

There is exactly one way to write any composite integer a as a product of the form 
wM^fe the Pi are prime, pi < p 2 < • • • < p r , and the e, are positive integers. 



Proof (^J/e leave the proof as Exercise 31.1-11. ■ 

Exercises \^ 
31.1-1 O 

Prove that if a > b > 0 and c = a + b, then c mod a = b. 

v>' 

37.7-2 <A 

Prove that there are infinite!^ many primes. {Hint: Show that none of the primes 
Pi,p 2 , ---,Pk divide (pip 2 -(*Pk) + U 

37.7-3 ® 

Prove that if a I b and & I c, then ft I j». 

37.7-4 \^ 

Prove that if p is prime and 0 < k < p,<^n gcd(k, p) = 1. 

37.7-5 ^9* 

Prove Corollary 31.5. >K^) 

37.7-tf O 

Prove that if /> is prime and 0 < k < p, then p | Conclude that for all integers 
a and b and all primes p, • 

(a + b) p =a p + b p (mod p) . 

37.7-7 ' 

Prove that if a and ft are any positive integers such that a \ b, then 

(x mod b) mod a = x mod a 
for any x. Prove, under the same assumptions, that 
x = y (mod b) implies x = y (mod a) 
for any integers x and y. 
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^ 31.1-8 

, For any integer k > 0, an integer n is a Atft power if there exists an integer a such 
^\that a k = n. Furthermore, n > 1 is a nontrivial power if it is a /tth power for 
v'spme integer k > 1. Show how to determine whether a given /3-bit integer n is a 
i^jtrivial power in time polynomial in /3. 

Prove^uations (31.6)-(31.10). 
31.1-10 

Show that ti^ gcd operator is associative. That is, prove that for all integers a, b, 
and c, v^) 

gcd(a,gc cd(gcd(a, b),c) . 

v>' 

31.1-11 * x A 

Prove Theorem 3 1 . 8 . 

31.1-12 <^ 

Give efficient algorithms for rhV operations of dividing a /3-bit integer by a shorter 
integer and of taking the remaindepof a yS-bit integer when divided by a shorter 
integer. Your algorithms should ru©n time 0(/3 2 ). 



31.1-13 ' Q 

Give an efficient algorithm to convert a(gWen /3-bit (binary) integer to a decimal 
representation. Argue that if multiplicMo^pr division of integers whose length 
is at most /3 takes time M(/3), then we caa^convert binary to decimal in time 
@(M(/3) lg /3). (Hint: Use a divide-and-conqupis.approach, obtaining the top and 
bottom halves of the result with separate recursion^) 

=n== ^ 

In this section, we describe Euclid's algorithm for efficiently computing the great- 
est common divisor of two integers. When we analyze the running time, we shall 
see a surprising connection with the Fibonacci numbers, which yield a worst-case 
input for Euclid's algorithm. 

We restrict ourselves in this section to nonnegative integers. This restriction is 
justified by equation (31.8), which states that gcd(a, b) = gcd(|a| , \b\). 
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In principle, we can compute gcd(a,b) for positive integers a and b from the 
prime factorizations of a and b. Indeed, if 

%< = P?P? — P? , (31-11) 
b^p p{ l P?-p{ T , (31.12) 

with ms) exponents being used to make the set of primes p lt p 2 , . . . , p r the same 
for bothjs? and b, then, as Exercise 31.2-1 asks you to show, 

§ „ •< „ 

g cd(a, b) v^r 1 />r (e2 2 • ■ ■ J pr (er ' /r) . 01.13) 

As we shall srKJwan Section 31.9, however, the best algorithms to date for factoring 
do not run in polynomial time. Thus, this approach to computing greatest common 
divisors seems un fcSelv to yield an efficient algorithm. 

Euclid's algorithnvor computing greatest common divisors relies on the follow- 
ing theorem. 

Theorem 31.9 (GCD recungwn theorem) 

For any nonnegative integer q^xvd any positive integer b, 

gcd(a, b) = gcd(6, a mod b) . ^ 

'•6 

Proof We shall show that gcd(a,??7 aj>d gcd(b,a mod b) divide each other, so 
that by equation (31.5) they must be equal (since they are both nonnegative). 

We first show that gcd(a,b) | gcd(&,SsKmod b). If we let d = gcd(a,b), then 
d | a and d \ b. By equation (3.8), a\kfrvtlb = a — qb, where q = [a/b\. 
Since a mod b is thus a linear combination ow/and b, equation (31.4) implies that 
d | (a mod b). Therefore, since d \ b and d'^ia mod b), Corollary 31.3 implies 
that d | gcd{b, a mod b) or, equivalently, that O „ 

gcd(a, b) | gcd(&, a mod b). (31.14) 

Showing that gcd(b,a mod b) \ gcd(a,b) is almoslCme same. If we now let 
d = gcd(b, a mod b), then d \ b and d \ (a mod b). Sine©* = g6 + {a mod 
where q = [a/b\, we have that a is a linear combination ofrOTand (a mod b). By 
equation (31.4), we conclude that d \ a. Since d \ b and d \ a, we have that 
d | gcd(a, by Corollary 31.3 or, equivalently, that 

gcd(b,a mod b) \ gcd(a,b). (31.15) 



Using equation (31.5) to combine equations (31.14) and (31.15) completes the 
proof. ■ 
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Euclid's algorithm 

The Elements of Euclid (circa 300 B.C.) describes the following gcd algorithm, 
V^flthough it may be of even earlier origin. We express Euclid's algorithm as a 
^recursive program based directly on Theorem 31.9. The inputs a and b are arbitrary 
rrenr^gative integers. 

E\jc®>(a,b) 

1 if 

2 return, a 

3 else retuHi£uCLiD(Z), a mod b) 

As an example dyke running of Euclid, consider the computation of gcd(30, 21): 

EUCLID(30,21) ^vEUCLID(21,9) 

= BCclid(9, 3) 
= EtffeLiD(3,0) 

- i\ 

This computation calls Euclid recursively three times. 

The correctness of EUCLID follows from Theorem 31.9 and the property that if 
the algorithm returns a in line 2, rhenjb = 0, so that equation (31.9) implies that 
gcd(a,b) = gcd(a,0) = a. The alrorhhm cannot recurse indefinitely, since the 
second argument strictly decreases in each recursive call and is always nonnegative. 
Therefore, Euclid always terminates w^^the correct answer. 

The running time of Euclid's algorithm 

o 

We analyze the worst-case running time of Euc^fo as a function of the size of 
a and b. We assume with no loss of generality that a > b > 0. To justify this 
assumption, observe that if b > a > 0, then EUCLID (er?b) immediately makes the 
recursive call EuCLlD(&,a). That is, if the first argum^is less than the second 
argument, EUCLID spends one recursive call swapping its x a£suments and then pro- 
ceeds. Similarly, if b = a > 0, the procedure terminates after one recursive call, 
since a mod b = 0. 

The overall running time of EUCLID is proportional to the number of recursive 
calls it makes. Our analysis makes use of the Fibonacci numbers F^, defined by 
the recurrence (3.22). 

Lemma 31.10 

If a > b > 1 and the call EuCLlD(a,&) performs k > 1 recursive calls, then 
a > F k+2 and b > F k+l . 
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Proof The proof proceeds by induction on k. For the basis of the induction, let 
k = 1. Then, b > 1 = F 2 , and since a > b, we must have a > 2 = F 3 . Since 
•^S > (a mod in each recursive call the first argument is strictly larger than the 
•second; the assumption that a > b therefore holds for each recursive call. 

Assume inductively that the lemma holds ifk—\ recursive calls are made; we 
shafl,/tm;n prove that the lemma holds for k recursive calls. Since k > 0, we have 
b > Tik&nd EucLlD(a,&) calls EuCLlD(6,a mod b) recursively, which in turn 
makes k ?tJ recursive calls. The inductive hypothesis then implies that b > F k+ i 
(thus provijjg^art of the lemma), and a mod b > F k . We have 

A + (a mod ft^'= b + (a - b \_a/b\) 

a , 

since a > b > 0 imnHss \_a/b\ > 1 . Thus, 
a > b + (a mod &X\< 



> F k+1 + F k 
= F k+2 . 



The following theorem is an immediate corollary of this lemma. 

\) 

Theorem 31.11 (Lame's theorem) > 

For any integer k > 1, if a > b > 1 undb < F k +\, then the call EUCLID (a, h) 
makes fewer than k recursive calls. ■ 

We can show that the upper bound of Tfiaorem 31.11 is the best possible by 
showing that the call EUCLID (7^+ x , Fk) maKes exactly k — 1 recursive calls 
when k > 2. We use induction on k. For 

the©tse 

case, k = 2, and the call 

Euclid(F 3 , F 2 ) makes exactly one recursive call,<£crEuCLlD(l, 0). (We have to 
start at k = 2, because when k = 1 we do not havg F 2 > F\.) For the induc- 
tive step, assume that Euclid (F k , F k -\) makes exactlj^Tcy- 2 recursive calls. For 
k > 2, we have F k > F k _ l > OandF^+x = F k + Fk-u ai(d^so by Exercise 31.1-1, 
we have F k +\ mod F k = F k -\. Thus, we have v^, 

gcd(F k+1 ,F k ) = gcd(F k ,F k+1 mod F k ) 
= gcd(F k , . 

Therefore, the call Euclid (F k+ 1; F k ) recurses one time more than the call 
Euclid (F k , F k -i), or exactly k — 1 times, meeting the upper bound of Theo- 
rem 31.11. 

Since F k is approximately <p k / *J5, where </> is the golden ratio (1 + \f§)/2 de- 
fined by equation (3.24), the number of recursive calls in Euclid is 0(lg b). (See 
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a b \_a/b\ d x y 
99 78 1 3 ~ll 14" 
21 3 3 3 -11 
15 1 3-2 3 
^ 6 2 3 1 -2 
2 3 0 1 
3 V-0 - 3 1 0 

Figure 3l.Y> How EXTENDED-EUCLID computes gcd(99, 78). Each line shows one level of the 
recursion: r^eAalues of the inputs a and b, the computed value \_a/b\, and the values d, x, and y 
returned. The\^rrple (d, x, y) returned becomes the triple (d' , x' , y') used at the next higher level 
of recursion. Th^ll EXTENDED-EUCLID(99, 78) returns (3, -11, 14), so that gcd(99, 78) = 3 = 
99- (-11) + 78- tit 



or a tat 



Exercise 31.2-5 for a tighter bound.) Therefore, if we call EUCLID on two /6-bit 
numbers, then it performs O(fi) arithmetic operations and 0(fi 3 ) bit operations 
(assuming that multiplication and division of /6-bit numbers take 0(ji 2 ) bit oper- 



ations). Problem 31-2 ask^you to show an 0(fi z ) bound on the number of bit 
operations. >. ^ 

The extended form of Euclid 's*a^»rithm 

We now rewrite Euclid's algorithm^fo compute additional useful information. 
Specifically, we extend the algorithm ^compute the integer coefficients x and y 
such that 

d = gcd(a,b) = ax + by . ^SV> (31.16) 

Note that x and y may be zero or negative. We^Shall find these coefficients useful 
later for computing modular multiplicative invers^eK The procedure Extended - 
Euclid takes as input a pair of nonnegative integers and returns a triple of the 
form (d,x,y) that satisfies equation (31.16). ^->^ 

EXTENDED-EUCLID(fl, b) 

1 if ^ == 0 

2 return (a, 1,0) 

3 else (d', x', y') = Extended-Euclid (b, a mod b) 

4 (d,x,y) = (d',y',x' -\_a/b\ y') 

5 return (d, x, y) 



Figure 31.1 illustrates how Extended-Euclid computes gcd(99, 78). 

The Extended-Euclid procedure is a variation of the Euclid procedure. 
Line 1 is equivalent to the test "6 == 0" in line 1 of EUCLID. If b = 0, then 
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Extended-Euclid returns not only d = a in line 2, but also the coefficients 
x = 1 and y = 0, so that a = ax + by. If b ^ 0, Extended -Euclid first 
^bomputes (d 1 ', x' , y') such that d' = gcd(&, a mod b) and 

5^6x' + (a mod 6)/ . (31.17) 

As fd^EuCLlD, we have in this case d = gcd(a,b) = d' = gcd(b,a mod b). 
To obta^x and y such that d = ax + by, we start by rewriting equation (31.17) 
using the(S^uation d = d' and equation (3.8): 

d = bx\t(ci-b\a/b\)y' 
= fl/4w-[a/&|/). 

Thus, choosing jc ^ty and j = x'—[a/b\ y' satisfies the equation d = ax + by, 
proving the correctness^ of Extended-Euclid. 

Since the number ofAecursive calls made in Euclid is equal to the number 
of recursive calls made (if£ Extended-Euclid, the running times of Euclid 
and Extended-Euclid a-fa the same, to within a constant factor. That is, for 
a > b > 0, the number of rec^ftsive calls is 0(lg b). 

Exercises # 

31.2-1 ^ \ 

Prove that equations (31.11) and (3 1 . l^jmply equation (31.13). 

31.2-2 Q 

Compute the values (d,x,y) that the call ExJkNDED-EuCLlD(899, 493) returns. 
31.2-3 

Prove that for all integers a, k, and n, 



gcd(a,n) = gcd(<a + kn, n) . 



31.2-4 



Rewrite EUCLID in an iterative form that uses only a constaf^amount of memory 
(that is, stores only a constant number of integer values). 

31.2-5 

If a > b > 0, show that the call EuCLlD(a, b) makes at most 1 + log^ b recursive 
calls. Improve this bound to 1 + log^(6/ gcd(a, b)). 



31.2-6 

What does Extended -Euclid (Fk+ 1, F^) return? Prove your answer correct. 
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31.2-7 

, Define the gcd function for more than two arguments by the recursive equation 
\§\ gcd(a 0 ,ai, . . . ,a„) = gcd(a 0 ,gcd(<2i,a 2 , ■■■ ,a„)). Show that the gcd function 
y^returns the same answer independent of the order in which its arguments are speci- 
fosN. Also show how to find integers x 0 , Jti, . . . , x„ such that gcd(a 0 ^i , • • • , &n) = 
ao-ltffjr OiXi + ■ ■ ■ + a n x n . Show that the number of divisions performed by your 
algor^n is 0(n + lg(max{a 0 , fli, ■ ■ ■ ,a n })). 

31.2-8 0> 

Define lcrm ) to be the least common multiple of the n integers 

fli , a,2, . . . , h^, that is, the smallest nonnegative integer that is a multiple of each a, . 
Show how to CQHipute lcm(ai, a 2 , . . . , a„) efficiently using the (two-argument) gcd 
operation as a svHy^mtine. 

o 

31.2-9 

Prove that « l5 n 2 , nj, a^Cn 4 are pairwise relatively prime if and only if 

gcd(«!« 2 ,«3«4) = gcd«£f»j,« 2 «4) = 1 • 

More generally, show that h-i ) M2, . . . , Hk are pairwise relatively prime if and only 
if a set of [lg k~\ pairs of numbers derived from the are relatively prime. 
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Informally, we can think of modular arithmetic as arithmetic as usual over the 
integers, except that if we are working mod^^n, then every result x is replaced 
by the element of {0, 1, . . . ,n — 1} that is equipment to x, modulo n (that is, x is 
replaced by x mod n). This informal model sufng&s if we stick to the operations 
of addition, subtraction, and multiplication. A more formal model for modular 
arithmetic, which we now give, is best described within the framework of group 
theory. ^ q 



Finite groups 



A group (S, ©) is a set S together with a binary operation © defined on S for 
which the following properties hold: 

1. Closure: For all a, b e S, we have a ® b e S. 

2. Identity: There exists an element e e S, called the identity of the group, such 
that e © a = a © e = a for all a e S. 

3. Associativity: For all a,b,c e S, we have (a © b) © c = a © (b © c). 
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4. Inverses: For each a e S, there exists a unique element b e S, called the 
inverse of a, such that a®b = b®a = e. 

^A«*an example, consider the familiar group (Z, +) of the integers Z under the 
operation of addition: 0 is the identity, and the inverse of a is —a. If a group (S, ®) 
satisfies the commutative law a © b = b © a for all a, b € S, then it is an abelian 
groupkrUa group (5, ffi) satisfies |5| < oo, then it is a finite group. 

The groiip^efined by modular addition and multiplication 

We can formv^o finite abelian groups by using addition and multiplication mod- 
ulo n , where «*tt)a positive integer. These groups are based on the equivalence 
classes of the inters modulo n, defined in Section 31.1. 

To define a group^&n Z„, we need to have suitable binary operations, which 
we obtain by redennrri^the ordinary operations of addition and multiplication. 
We can easily define addition and multiplication operations for Z„, because the 
equivalence class of two integers uniquely determines the equivalence class of their 
sum or product. That is, if a^(a' (mod n) and b = b' (mod n), then 

a + b = a' + b' (mod n) ,0 
ab = a'b' (mod n) . • > 

Thus, we define addition and multiplication modulo n, denoted +„ and •„, by 

[a] n +n[b\n = [« + b] n , O (31.18) 

[a] n -n [b]„ = [ab}„ . \& 

(We can define subtraction similarly on Z„ hy(^]„ — „ [b] n = [a — b] n , but divi- 
sion is more complicated, as we shall see.) Thq(S5) facts justify the common and 
convenient practice of using the smallest nonnegati^element of each equivalence 
class as its representative when performing computations in Z„ . We add, subtract, 
and multiply as usual on the representatives, but we repiace each result x by the 
representative of its class, that is, by x mod n. s-^ 

Using this definition of addition modulo n, we denr^eVhe additive group 
modulo n as (Z„,+„). The size of the additive group modulo n is |Z„| = n. 
Figure 31.2(a) gives the operation table for the group (Z 6 , + 6 ). 

Theorem 31.12 

The system (Z„, +„) is a finite abelian group. 



Proof Equation (31.18) shows that (Z„,+„) is closed. Associativity and com- 
mutativity of +„ follow from the associativity and commutativity of +: 
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5^0 12 3 4 

0. 13 13 

\> 14 14 

Figure 31.2 Two finrfeNgroups. Equivalence classes are denoted by their representative elements, 
(a) The group (Z 6 , + 6 ). > «»The group (Z* 5 , - 15 ). 

([a]„ +„ [b]„) + n [c]„ ^>[a + b] n +„ [c]„ 
= <$a + b) + c]„ 
= 0^(b + c)) n 
= [a]X $f[b + c] n 

= W]„ ^^k]n +n [C]n) , 
[a]n +n [b]n = [d + b] n O 

= [b + a] n 

= [b]„ + n [a]» . ^ 

The identity element of (Z„, +„) is 0 (that ©[()]«). The (additive) inverse of 
an element a (that is, of [a] n ) is the element —a ($hat is, [— a] n or [n — a] n ), since 
[a] n +n [-a]„ = [a- a] n = [0]„. • ■ 

o 

Using the definition of multiplication modulo n, wqjTiefine the multiplicative 
group modulo n as (Z*, •„). The elements of this group ase^the set Z* of elements 
in Z„ that are relatively prime to n, so that each one has a unique inverse, modulo n: 

Z* = {[a]„ eZ n :gcd(a,n) = 1} . 

To see that Z* is well defined, note that for 0 < a < n, we have a = (a + kn) 
(mod ri) for all integers k. By Exercise 31.2-3, therefore, gcd(a,«) = 1 implies 
gcd(a + kn,n) = 1 for all integers k. Since [a]„ = {a + kn : k e Z}, the set Z* 
is well defined. An example of such a group is 



Z* 5 = {1,2,4,7,8,11,13,14} 



Chapter 31 Number-Theoretic Algorithms 



where the group operation is multiplication modulo 15. (Here we denote an el- 
ement [a] 15 as a; for example, we denote [7]i 5 as 7.) Figure 31.2(b) shows the 
•^g-roup (Z* 5 , -i 5 ). For example, 8-11 = 13 (mod 15), working in Z* 5 . The iden- 
■trra for this group is 1 . 

ThZqiiun 31.13 

The sy^tejn (Z*, •„) is a finite abelian group. 

Proof rem 31.6 implies that (Z*,-„) is closed. Associativity and commu- 

tativity can fee proved for •„ as they were for +„ in the proof of Theorem 31.12. 
The identity erement is [1]„. To show the existence of inverses, let a be an element 
of Z* and let (a\/c, y) be returned by EXTENDED-EuCLlD(a, n). Then, d = 1, 
since a € Z* and^j^.. 

ax + ny = 1 v ^>' (31.19) 
or, equivalently, 
ax = 1 (mod n) . 

Thus, [x] n is a multiplicative i^jerse of [a] n , modulo n. Furthermore, we claim 
that [x] n e Z*. To see why, equa^ion > (31.19) demonstrates that the smallest pos- 
itive linear combination of x and ?*<must be 1 . Therefore, Theorem 31.2 implies 
that gcd(x,«) = 1. We defer the pso^f that inverses are uniquely defined until 
Corollary 31.26. Q ■ 

As an example of computing multiplicative, inverses, suppose that a = 5 and 
n = 11. Then Extended-Euclid (a, /j) refucans (d,x,y) = (1,-2,1), so that 
1 = 5- (-2) + 11-1. Thus, [-2]„ (i.e., [9] j i fi«Hfce multiplicative inverse of [5] 1 1 . 

When working with the groups (Z„, +„) and^ZL-„) in the remainder of this 
chapter, we follow the convenient practice of denotmg equivalence classes by their 
representative elements and denoting the operations -f „ and ■„ by the usual arith- 
metic notations + and ■ (or juxtaposition, so that ab =C^- b) respectively. Also, 
equivalences modulo n may also be interpreted as equatic© in Z„ . For example, 
the following two statements are equivalent: vp 

ax = b (mod n) , 

W]n -n [An = [b]n ■ 

As a further convenience, we sometimes refer to a group (S, ©) merely as S 
when the operation © is understood from context. We may thus refer to the groups 
(Z„, +„) and (Z*, ■„) as Z„ and Z*, respectively. 

We denote the (multiplicative) inverse of an element a by (a -1 mod n). Division 
in Z* is defined by the equation a/b = ab -1 (mod n). For example, in Z* 5 
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(31.20) 



we have that 7 1 = 13 (mod 15), since 7 • 13 = 91 = 1 (mod 15), so that 
4/7 = 4- 13 = 7 (mod 15). 

The size of Z* is denoted </>(«). This function, known as Euler's phi function, 
'/satisfies the equation 

%=» n (•-}). 

p is prime and /> | n 

so that(^runs over all the primes dividing n (including n itself, if n is prime). 
We shall'<rK)t prove this formula here. Intuitively, we begin with a list of the n 
remainders Jj>,'l , ...,« — 1} and then, for each prime p that divides n, cross out 
every multiple/^jf p in the list. For example, since the prime divisors of 45 are 3 



and 5, 



0(45) = 45, 



45 
24 . 



ran 

(§)« 




If /> is prime, then Z* = {1, . , p - 1}, and 

= f-i. o <3L21) 

If « is composite, then 0(«) < « — 1, aUjjj^sgh it can be shown that 

Hn) > — — 3 (31-22) 

in In n 

for n > 3, where y = 0.5772156649 ... is Eulerp^onstant. A somewhat simpler 
(but looser) lower bound for n > 5 is ^ 

> t-TT— ■ ' O < 31 - 23 ) 

6 In In n v 

The lower bound (31.22) is essentially the best possible,^snice 
d)(n) 

lim inf —f-—— = e~ Y . (31.24) 
n^-oo n I In In n 



Subgroups 

If (S, 0) is a group, S' C 5, and (£', 0) is also a group, then (S', 0) is a subgroup 
of (5, 0). For example, the even integers form a subgroup of the integers under the 
operation of addition. The following theorem provides a useful tool for recognizing 
subgroups. 
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Theorem 31.14 (A nonempty closed subset of a finite group is a subgroup) 

If (S, ffi) is a finite group and S' is any nonempty subset of S such that a © b e S' 
tjfor all a, b S 5', then (5', 0) is a subgroup of (S, ©). 



/2 



We leave the proof as Exercise 31.3-3. ■ 

Fon'e*ample, the set {0, 2, 4, 6} forms a subgroup of Z 8 , since it is nonempty 
and closexLunder the operation + (that is, it is closed under + 8 ). 

The foNowing theorem provides an extremely useful constraint on the size of a 
subgroup; wg^omit the proof. 

Theorem 31-lS^agrange's theorem) 

If (S, ©) is a finitdS^oup and (5", ©) is a subgroup of (S, ©), then \S'\ is a divisor 
of 1 5* | . ■ 

A subgroup 5' of a gr^iup S is a proper subgroup if S' ^ S. We shall use the 
following corollary in our^aii^lysis in Section 31.8 of the Miller-Rabin primality 
test procedure. 

Corollary 31.16 

If S' is a proper subgroup of a finfte efoup S, then \S'\ < \S\ /2. m 

\ 

Subgroups generated by an element ^ 

Theorem 31.14 gives us an easy way to produ^a subgroup of a finite group (S, ©): 
choose an element a and take all elements fh^&^n be generated from a using the 
group operation. Specifically, define a for k >(N>y 

c 

- I o 

For example, if we take a = 2 in the group Z 6 , the sequenc|£*( (1 \ a (2) , a (3) , ... is 
2,4,0,2,4,0,2,4,0,... . 

In the group Z„, we have = ka mod n, and in the group Z*, we have = 
a k mod n. We define the subgroup generated by a, denoted (a) or ((a), ©), by 

(a) = {a (k) :k>l}. 

We say that a generates the subgroup (a) or that a is & generator of (a). Since S is 
finite, (a) is a finite subset of 5, possibly including all of S. Since the associativity 
of © implies 
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a {i) ®a ij) = a ii+j) , 

{a} is closed and therefore, by Theorem 31.14, (a) is a subgroup of S. For example, 
^i* Z 6 , we have 

= {0} , 

{0,1,2,3,4,5} , 
(2)'§ {0,2,4} . 
Similar^in Z*, we have 

(1) = l^x 

(2) = {l%4} , 

(3) = {1,2^,5,6} . 

The order of a (({nSthe group S), denoted ord(a), is defined as the smallest posi- 
tive integer t such tha&z^ = e. 

Theorem 31.17 x\ 

For any finite group (5, ©VaKd any a € S, the order of a is equal to the size of the 
subgroup it generates, or ora(^j = \{a)\. 

Proof Let t = ord(a). Sine? a& = e and a (t+k) = a (t) © a (k) = a {k) for 
k > 1, if i > t, then = a^^fm some y < i. Thus, as we generate ele- 
ments by a, we see no new elements after a (r) . Thus, (a) = {a (1 \ a (2 \ . . . , a (f) }, 
and so |(a)| < L To show that \(a)\ we show that each element of the se- 
quence a (1) , a (2) , . . . , a (r) is distinct. SugpeSe for the puipose of contradiction that 
a(0 = for some i and y satisfying 1 ^\ < y < Then, = a (i+k) 

for /: > 0. But this equality implies that a V© 7 '^ = a (/+(r_/)) = e, a contradic- 
tion, since i + (t — j ) < t but ? is the least posit@ value such that = e. There- 
fore, each element of the sequence a^\a is distinct, and \(a)\ > We 
conclude that ord (a) = | (a)\. . ■ 

o 

Corollary 31.18 Q 

The sequence a (2) , . . . is periodic with period t = ordfja); that is, = eft' 
if and only if i = j (mod < m 

Consistent with the above corollary, we define a (0) as e and as a^' modt \ 
where t = ord (a), for all integers i. 

Corollary 31.19 

If (S, ©) is a finite group with identity e, then for all a e 5, 

fl (|S|) = e . 
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Proof Lagrange's theorem (Theorem 31.15) implies that ord(a) | \S\, and so 
. |5| = 0 (mod t), where t = ord(a). Therefore, a" s " = a (0) = e. ■ 

%L ■ 

Ej&rcises 

Draw y fh©v group operation tables for the groups (Z 4 , + 4 ) and (Z*, - 5 ). Show that 
these groups are isomorphic by exhibiting a one-to-one correspondence a between 
their elements such that a + b = c (mod 4) if and only if a(a) ■ a(b) = a(c) 
(mod 5). •< v. 

31.3-2 \> 

List all subgroupst^Zg and of Z* 3 . 

31.3-3 V N >' 
Prove Theorem 31.14. ^\ 

31.3-4 

Show that if p is prime and evs a positive integer, then 

<i>(p e ) = p e -\p-\). 

31.3-5 

Show that for any integer n > 1 and for(^y a e Z*, the function f a :Z*^- Z* 
defined by f a (x) = ax mod n is a permutation of Z*. 

\ 

31.4 Solving modular linear equations 

We now consider the problem of finding solutions to rhe^quation 

ax = b (mod n) , Q (31.25) 



where a > 0 and n > 0. This problem has several applications; for example, 
we shall use it as part of the procedure for finding keys in the RSA public-key 
cryptosystem in Section 31.7. We assume that a, b, and n are given, and we wish 
to find all values of x, modulo n, that satisfy equation (31.25). The equation may 
have zero, one, or more than one such solution. 

Let {a} denote the subgroup of Z„ generated by a. Since {a} = {a w : x > 0} = 
{ax mod n : x > 0}, equation (31.25) has a solution if and only if [b] e {a}. La- 
grange's theorem (Theorem 31.15) tells us that \{a}\ must be a divisor of n. The 
following theorem gives us a precise characterization of (a). 
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Theorem 31.20 

For any positive integers a and n, if d = gcd(a, ri), then 

= (d) = {0,d,2d,...,((n/d)-l)d} (31.26) 



and thus 
\(an^n/d . 

Proof We^begin by showing that d e {a). Recall that ExTENDED-EucLlD(a, n) 
produces in^gers x' and y' such that ax' + ny' = d. Thus, ax' = d (mod n), so 
that d e (a), ^rf-pfher words, d is a multiple of a in Z„. 

Since <i e WCjt follows that eveiy multiple of d belongs to (a), because any 
multiple of a multiply of a is itself a multiple of a. Thus, (a) contains every element 
m{0,d,2d,...,{$i/d}- 1)J}. That is, (d) c (a). 

We now show that (pfy C (J). If m 6 (a), then m = ax mod « for some 
integer x, and so m = a-xA- ny for some integer y. However, d \ a and d \ n, and 
so d | m by equation (3lS4^Therefore, m € (d). 

Combining these resultsSwe have that (a) = (d). To see that |(a)| = n/d, 
observe that there are exactly nyd multiples of d between 0 and n — 1 , inclusive. ■ 

Corollary 31.21 <5 > 

The equation ax = b (mod n) is solvable for the unknown x if and only if d \ b, 
where d = gcd(a,«). Q 

Proof The equation ax = b (mod vable if and only if [b] e (a), which 

is the same as saying ^^^^ 

(6modn) e {0,d,2d {{n/d) - \)d) , O^, 

by Theorem 31.20. If 0 < b < n, then b e (a) if and only if d \ b, since the 
members of (a) are precisely the multiples of d. If b/^J) or b > n, the corollary 
then follows from the observation that d \ b if and omy Aid \ (b mod n), since b 
and & mod n differ by a multiple of n, which is itself a irrQmple of d. m 

Corollary 31.22 

The equation ax = b (mod n) either has J distinct solutions modulo n, where 
d = gcd(a, n), or it has no solutions. 

Proof If ax = b (mod n) has a solution, then b e (a). By Theorem 31.17, 
ord(a) = |(a)|, and so Corollary 31.18 and Theorem 31.20 imply that the sequence 
ai mod n, for i = 0, 1, . . ., is periodic with period |(a)| = n/d. If b € (a), then ft 
appears exactly d times in the sequence ai mod 77, for i = 0, 1, . . . , n — 1, since 
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the length-(«/J) block of values (a) repeats exactly d times as i increases from 0 
to n — 1. The indices x of the d positions for which ax mod n = b are the solutions 
\jof the equation ax = b (mod n). ■ 

?Wem 31.23 

Ler^4= gcd(a,n), and suppose that d = ax' + ny' for some integers x' and j' 
(for example, as computed by Extended-Euclid). If d \ b, then the equation 
ax = fi- ^od n) has as one of its solutions the value x 0 , where 



x 0 = x'^/wjmod n . 

Proof We havev^^ 

ax 0 = ax'(Z?/d)(^mod n) 

= d(b/d) ($rtod n) (because ax' = d (mod n)) 



and thus x 0 is a solution to a^^ b (mod n). 



Theorem 31.24 

Suppose that the equation ax ^ bAmod n) is solvable (that is, d \ b, where 
d = gcd(a,n)) and that x 0 is any-sohition to this equation. Then, this equa- 
tion has exactly d distinct solutions, modulo n, given by x ; = x 0 + i{n/d) for 
i =0, 1 d-1. O 

Proof Because «/c/ > 0 and 0 < i{n/d$y< n for i = 0, 1,... ,d — 1, the 
values x 0 , Xj , . . . , xj_ x are all distinct, modul^t^) Since x 0 is a solution of ax = b 

(mod n), we have ax 0 mod n = b (mod n). T|jm^, for / = 0, 1 , d — 1, we 

have 

axi mod « = a(x 0 + in/d) mod n * _ 

= (ax 0 + ain/d) mod /? ^-q 

= ax 0 mod n (because d \ a implies that aitypi^is a multiple of n) 

= b (mod n) , 

and hence ax, = b (mod n), making x, a solution, too. By Corollary 31.22, the 
equation ax = b (mod n) has exactly d solutions, so that Xo,Xi, ... ,xj_x must 
be all of them. ■ 



We have now developed the mathematics needed to solve the equation ax = b 
(mod «); the following algorithm prints all solutions to this equation. The inputs 
a and n are arbitrary positive integers, and b is an arbitrary integer. 
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Modular-Linear-Equation-S olver (a,b,n) 
1 (d,x', y') = Extended-Euclid (a, «) 

\^ x 0 = x'(b/d) mod n 
. for i = 0 to d - 1 

5 vO print (x 0 + i(n/d)) mod « 

6 e^print "no solutions" 

As an e^&mple of the operation of this procedure, consider the equation I Ax = 
30 (mod Tpp^'(here, a = 14, b = 30, and n = 100). Calling Extended- 
Euclid inK^l, we obtain (d,x',y') = (2,-7,1). Since 2 | 30, lines 3-5 
execute. Line s computes x 0 = ( — 7) (15) mod 100 = 95. The loop on lines 4-5 
prints the two soratijqns 95 and 45. 

The procedure wlQDULAR-LlNEAR-EQUATlON-S OLVER works as follows. 
Line 1 computes d * §ed(a,n), along with two values x' and y' such that d = 
ax' + ny', demonstratmg ihat x' is a solution to the equation ax' = d (mod n). 
If d does not divide b, t^erklhe equation ax = b (mod n) has no solution, by 
Corollary 31.21. Line 2 checks to see whether d \b;ii not, line 6 reports that there 
are no solutions. Otherwise, ®ke 3 computes a solution x 0 to ax = b (mod ri), 
in accordance with Theorem 31 £3. Given one solution, Theorem 31.24 states that 
adding multiples of (n/d), modulo)/?, yields the other d — 1 solutions. The for 
loop of lines 4-5 prints out all d stations, beginning with x 0 and spaced n/d 
apart, modulo n. Q 

Modular-Linear-Equation-Sol@r performs 0{\gn + gcd(a,«)) arith- 
metic operations, since Extended-EuCl^i^ performs 0(lg«) arithmetic opera- 
tions, and each iteration of the for loop of lin^4-5 performs a constant number of 
arithmetic operations. /~\ 

The following corollaries of Theorem 31.24gi\e specializations of particular 
interest. ^ 

Corollary 31.25 

For any n > 1, if gcd(a, n) = 1, then the equation ax (mod n) has a unique 
solution, modulo n. ■ 



If b = 1 , a common case of considerable interest, the x we are looking for is a 
multiplicative inverse of a, modulo n. 

Corollary 31.26 

For any n > 1, if gcd(a, ri) = 1, then the equation ax = 1 (mod n) has a unique 
solution, modulo n. Otherwise, it has no solution. ■ 



950 /* Chapter 31 Number-Theoretic Algorithms 

Thanks to Corollary 31.26, we can use the notation a 1 mod n to refer to the 
% multiplicative inverse of a, modulo n, when a and n are relatively prime. If 
\^cd(a,n) = 1, then the unique solution to the equation ax = 1 (mod n) is the 
■inreger x returned by Extended-Euclid, since the equation 



\a£i) = 1 = ax + ny 

implies^pc = 1 (mod n). Thus, we can compute a -1 mod n efficiently using 
EXTEND^-EUCLID. 

Exercises y> 
31.4-1 

Find all solutions rwtjje equation 35x = 10 (mod 50). 
31.4-2 s<>' 

Prove that the equation (zx = ay (mod n) implies x = y (mod n) whenever 
gcd(a, n) = 1. Show that t^>condition gcd(a, n) = 1 is necessary by supplying a 
counterexample with gcd(a, 1. 

31.4-3 K 

Consider the following change to 3 of the procedure MODULAR-LlNEAR- 
Equation-Solver: 

'(b/d) mod (n/d) O 

Will this work? Explain why or why not. tj> 

31.4-4 ★ Q 

Let p be prime and f(x) = f 0 + j\x + ■■■ +/^ t x' (mod p) be a polyno- 
mial of degree t, with coefficients f t drawn from 7L p . We say that a e 7L P 
is a zero of / if f(a) = 0 (mod /?). Prove that if->« is a zero of f, then 
f{x) = (x — a)g(x) (mod p) for some polynomial g(xi-of degree t — 1. Prove 
by induction on ? that if p is prime, then a polynomial /(mif degree £ can have 
at most / distinct zeros modulo p. \? 



31.5 The Chinese remainder theorem 



Around A.D. 100, the Chinese mathematician Sun-Tsu solved the problem of find- 
ing those integers x that leave remainders 2, 3, and 2 when divided by 3, 5, and 7 
respectively. One such solution is x = 23; all solutions are of the form 23 + 105£ 
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for arbitrary integers k. The "Chinese remainder theorem" provides a correspon- 
dence between a system of equations modulo a set of pairwise relatively prime 
\§\ moduli (for example, 3,5, and 7) and an equation modulo their product (for exami- 
ne, 105). 

rvJTie Chinese remainder theorem has two major applications. Let the inte- 
ger^mbe factored as n = n\n 2 where the factors are pairwise relatively 
prirSaW^irst, the Chinese remainder theorem is a descriptive "structure theorem" 
that ctescribes the structure of Z„ as identical to that of the Cartesian product 
Z„j x Tln^M ■ ■ • x Z„ k with componentwise addition and multiplication modulo «, 
in the z'th xximponent. Second, this description helps us to design efficient algo- 
rithms, sincXwgrking in each of the systems Z nj can be more efficient (in terms of 
bit operations) ^n^n working modulo n. 

Theorem 31.27 (C$hese remainder theorem) 

Let n = n 1 n 2 ■■■ nowhere the n, are pairwise relatively prime. Consider the 
correspondence 



a 2 ,...,a k ), (31.27) 



where a e Z„, a, 6 Z„. , and(S^ 
a, = a mod • > 

for j = 1, 2, . . . , k. Then, mapping~\3J>.27) is a one-to-one correspondence (bijec- 
tion) between Z„ and the Cartesian product Z Bl x Z„ 2 x ■ ■ ■ x Z„ t . Operations per- 
formed on the elements of Z„ can be eqtfc<alently performed on the corresponding 
k -tuples by performing the operations independently in each coordinate position in 
the appropriate system. That is, if J< 

a (a u a 2 ,...,a k ) , Q 
b ^ (b u b 2 , . . . ,b k ) , 

then • 

(a + b) mod n •<->• ({a\ + b\) mod rii, . . . , {a k + S^yodn k ), (31.28) 
(a — b) mod n <e> — b{) mod n 1; . . . , (a k — na^ «t) , (31.29) 
(<a&) mod n ^> (a^i mod fl^^yt mod «fc) . (31.30) 



Proof Transforming between the two representations is fairly straightforward. 
Going from a to {ai,a 2 a k ) is quite easy and requires only k "mod" opera- 
tions. 

Computing a from inputs (a 1; a 2 , . . . , a k ) is a bit more complicated. We begin 
by defining /n ; = «/«,• for i = 1,2, ... ,k; thus m ; is the product of all of the nj 's 
other than : m, = «i« 2 • ■ ■ • • ■ We next define 
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Ci = m i (m i 1 mod «,) (31.31) 

for i = 1,2, ... ,k. Equation (31.31) is always well defined: since m, and n, are 
itively prime (by Theorem 31.6), Corollary 31.26 guarantees that m i 1 mod /?, 
leasts. Finally, we can compute a as a function of a 1( a 2 , ■ ■ ■ ,cik as follows: 

a Q^^Ci + a 2 c 2 + ■ ■ ■ + flfeCjt) (mod «) . (31.32) 

We^pew show that equation (31.32) ensures that a = a t (mod «,) for / = 
1,2, . . N/fcvNote that if j ^ i, then m 7 = 0 (mod «,■), which implies that Cj = 
m, : = 0 V^Wl «,). Note also that c, = 1 (mod «,), from equation (31.31). We 
thus have thr appealing and useful correspondence 

ct (O,O,..\0^O,...,O) , 

a vector that has Os^Very where except in the zth coordinate, where it has a 1 ; the c, 
thus form a "basis" f^Kfhe representation, in a certain sense. For each i , therefore, 
we have y>* 

a = a,Cj ^ (mod «,) 

= aimi(m~ l mod «;^^rnod 77,) 

= ctj tood n t ) , 

which is what we wished to show: our method of computing a from the a { 's pro- 
duces a result a that satisfies the cbns&aints a = a, (mod «,) for i = 1,2, ... ,k. 
The correspondence is one-to-oneSsinpe we can transform in both directions. 
Finally, equations (31.28)-(31.30) foflow directly from Exercise 31.1-7, since 
x mod «, = (x mod n) mod n, for any Wnd i = 1,2, . . . , k. m 

We shall use the following corollaries latet^ this chapter. 

Corollary 31.28 Q 

If Hi, n 2 , ■ ■ ■ , «fe are pairwise relatively prime and^fK= ri\n 2 • • • n^, then for any 
integers a\,a 2 , . . . ,0%, the set of simultaneous equations 

x = cii (mod m) , 

for i = 1,2, ... ,k, has a unique solution modulo n for th&j/nknown x. m 
Corollary 31.29 

If n x ,n 2 , . . . ,rik are pairwise relatively prime and n = ri\n 2 - ■ ■ n^, then for all 
integers x and a, 

x = a (mod «,•) 

for i = 1, 2 & if and only if 

x = a (mod n) . ■ 
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Figure 3<£y An illustration of the Chinese remainder theorem for n \ = 5 and n 2 = 13. For this 
example, C\~^ 26 and c 2 = 40. In row i, column j is shown the value of a, modulo 65, such 
that a mod 5 r=^''and a mod 13 = j . Note that row 0, column 0 contains a 0. Similarly, row 4, 
column 12 cont^jp^a 64 (equivalent to —1). Since c\ = 26, moving down a row increases a by 26. 
Similarly, c 2 = 40 means that moving right by a column increases a by 40. Increasing a by 1 
corresponds to mov\qsf diagonally downward and to the right, wrapping around from the bottom to 
the top and from the rijmrto the left. 

As an example of th^application of the Chinese remainder theorem, suppose we 
are given the two equatiom> 

a = 2 (mod 5) , 
a = 3 (mod 13) , 

so that fi^ = 2, n\ = m 2 = y^d 2 y = 3, and n 2 = mi = 13, and we wish 



to compute a mod 65, since n = rt^T = 65. Because 13 1 = 2 (mod 5) and 



5=8 (mod 13), we have 

d = 13(2 mod 5) = 26, 
c 2 = 5(8 mod 13) = 40 , "J^) 



and 



a = 2-26 + 3-40 (mod 65) 
= 52+ 120 (mod 65) 

ee 42 (mod 65) . O 



inder^th 



See Figure 31.3 for an illustration of the Chinese remainder4heorem, modulo 65. 

Thus, we can work modulo n by working modulo n directly or by working in the 
transformed representation using separate modulo «, computations, as convenient. 
The computations are entirely equivalent. 



Exercises 



31.5-1 

Find all solutions to the equations x = 4 (mod 5) and x = 5 (mod 11). 
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^ 31.5-2 

, Find all integers x that leave remainders 1, 2, 3 when divided by 9, 8, 7 respectively. 

Argae that, under the definitions of Theorem 31.27, if gcd(a, n) = 1, then 
(a~\mpd n) ((a^ 1 mod ni), (a^ 1 mod n 2 ), . .. , (% 1 mod nk)) . 

31.5-4 0 

Under the definitions of Theorem 3 1 .27, prove that for any polynomial / , the num- 
ber of roots oLftie equation f(x) = 0 (mod n) equals the product of the number 
of roots of eacrv<5fj the equations f(x) = 0 (mod rii), f{x) = 0 (mod n 2 ), . . . , 
f(x) = 0 (mo<r»rt. 

o 

*L 

31.6 Powers of an element C, 

Just as we often consider the multiples of a given element a, modulo «, we consider 
the sequence of powers of a, msmilo n, where a e Z*: 

a 0 , a 1 , a 2 , a 3 ,..., (31.33) 

modulo n. Indexing from 0, the 0th xaltie in this sequence is a 0 mod n = 1, and 
the zth value is a' mod n. For example, ^ powers of 3 modulo 7 are 

t 0 1 2 3 4 5 6 7^p8 9 10 11 ••• 

3' mod 7 1 3~^ 6 4 5 1 3 ^^6 4 5 ~ 
whereas the powers of 2 modulo 7 are Q 

/ 0 1 2 3 4 5 6 7 8 9 11 ••• 

2'' mod 7 1241241241 t 4 ■■■ 

In this section, let (a) denote the subgroup of Z* generated by a by repeated 
multiplication, and let ord„(a) (the "order of a, modulo n^Wjenote the order of a 
in Z* . For example, (2) = { 1 , 2, 4} in Z* , and ord 7 (2) = 3. U?ing the definition of 
the Euler phi function <p(n) as the size of Z* (see Section 31.3), we now translate 
Corollary 31.19 into the notation of Z* to obtain Euler 's theorem and specialize it 
to Z* where p is prime, to obtain Fermat's theorem. 

Theorem 31.30 (Euler's theorem) 

For any integer n > 1 , 

= 1 (mod n) for all a e Z* . ■ 
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Theorem 31.31 (Fermat's theorem) 
If p is prime, then 

^ a"' 1 = 1 (mod p) for all aeZ;. 

By equation (31.21), (j)(p) = p — 1 if p is prime. 




it's theorem applies to every element in 7L P except 0, since 0 ^ Z*. For all 
a e Z^ /(however, we have a p = a (mod p) if p is prime. 

If orcr^te) = |Z*|, then every element in Z* is a power of g, modulo n, and 
g is a primitwe root or a generator of Z*. For example, 3 is a primitive root, 
modulo 7, twt2 is not a primitive root, modulo 7. If Z* possesses a primitive 
root, the groupvZ* is cyclic. We omit the proof of the following theorem, which is 
proven by NiverKand^Zuckerman [265]. 

Theorem 31.32 

The values of n > 1 fCjrNvhich Z* is cyclic are 2, 4, and 2/? e , for all primes 
p > 2 and all positive infi^gers e. ■ 

If g is a primitive root of Z^$)id a is any element of Z* , then there exists a z such 
that g z = a (mod «). This z is»a discrete logarithm or an index of a, modulo 77, 
to the base g; we denote this valu^jfchid„^(a). 

Theorem 31.33 (Discrete logarithm ttyetjrem) 

If g is a primitive root of Z*, then the ^cfaation g x = g y (mod «) holds if and 
only if the equation x = y (mod 0(«))n^^. 



Proof Suppose first that x = y (mod 0(h)v-Then, x = y + k<p(n) for some 
integer k. Therefore, \^ 



g y+kUn) (mod 
g ? . (g*W)* (mod«) 



1* (mod n) (by Euler's theoren© 



(mod n) 



Conversely, suppose that g x = g v (mod n). Because the sequence of powers of g 
generates every element of (g) and = <f)(n), Corollary 31.18 implies that 
the sequence of powers of g is periodic with period <p(n). Therefore, if g x = g y 
(mod ri), then we must have x = y (mod </>(«)). ■ 

We now turn our attention to the square roots of 1 , modulo a prime power. The 
following theorem will be useful in our development of a primality-testing algo- 
rithm in Section 31.8. 
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Theorem 31.34 

If p is an odd prime and e > 1 , then the equation 
^%>= 1 (mod p e ) (31.34) 
Ha^yily two solutions, namely x = 1 and x = — 1. 

quation (31.34) is equivalent to 
/> e | (x -<J)(x + 1) . 

Since /> > ,< ^)we can have | (x — 1) or /> | (x + 1), but not both. (Otherwise, 
by property (S^.3), p would also divide their difference (x + 1) — (x — 1) = 2.) 
If /? I (jc — l),ff}ihi gcd(/? e ,x — 1) = 1, and by Corollary 31.5, we would have 
p e | (x + 1). Tvtjk is, x = —1 (mod p e ). Symmetrically, if p \ (x + 1), 
then gcd(p e ,x + 1, and Corollary 31.5 implies that p e \ (x — 1), so that 
x = 1 (mod p e ). Thsp^fbre, either x = — 1 (mod or x = 1 (mod p e ). ■ 

A number x is a nontrvphd square root ofl, modulo n, if it satisfies the equation 
x 2 = 1 (mod n) but x is emJiyalent to neither of the two "trivial" square roots: 
1 or —1, modulo n. For example, 6 is a nontrivial square root of 1, modulo 35. 
We shall use the following coroMary to Theorem 31.34 in the correctness proof in 
Section 31.8 for the Miller-Rabin ^reality-testing procedure. 

Corollary 31.35 \? 

If there exists a nontrivial square root of©modulo n, then n is composite. 

Proof By the contrapositive of Theorem 31^4, if there exists a nontrivial square 
root of 1, modulo n, then n cannot be an odd^5^jme or a power of an odd prime. 
If x 2 = 1 (mod 2), then x = 1 (mod 2), and s^ll square roots of 1, modulo 2, 
are trivial. Thus, n cannot be prime. Finally, we rn^t have n > 1 for a nontrivial 
square root of 1 to exist. Therefore, n must be composite. ■ 

"o 

Raising to powers with repeated squaring Q 



A frequently occurring operation in number-theoretic computations is raising one 
number to a power modulo another number, also known as modular exponentia- 
tion. More precisely, we would like an efficient way to compute a b mod n, where 
a and b are nonnegative integers and n is a positive integer. Modular exponenti- 
ation is an essential operation in many primality-testing routines and in the RSA 
public -key cryptosystem. The method of repeated squaring solves this problem 
efficiently using the binary representation of b. 

Let {bk, bk-i, ■ ■ ■ , bi,b 0 ) be the binary representation of b. (That is, the binary 
representation is k + 1 bits long, bk is the most significant bit, and b 0 is the least 
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Figfirg 31.4 The results of MODULAR-EXPONENTIATION when computing a b (mod n), where 
a = 7^)= 560 = {10001 10000), and n = 561. The values are shown after each execution of the 
for loop./^he final result is 1. 



significant b^&J The following procedure computes a c mod n as c is increased by 
doublings and-iivcrementations from 0 to b. 

Modular-Exponentiation (a,b,n) 

1 c = 0 ^ 

2 d = 1 A 
k ,b k -i,. . . ,ob> 



3 let (bic,bk-i , ■ ■ ■ , OoM^e the binary representation of b 

4 for ; = k downto (r > 

5 c = 2c 

6 d = (d ■ d) mod 

7 ifA,==l •> 

8 c = c + 1 VJ \ 

9 d = (d ■ a) mod « \ 

10 return ^ O 

The essential use of squaring in line 6 of eacJjJiteration explains the name "repeated 
squaring." As an example, for a = 7, b <^}>60, and « = 561, the algorithm 
computes the sequence of values modulo 561 s0wn in Figure 31.4; the sequence 
of exponents used appears in the row of the table ^J&eled by c. 

The variable c is not really needed by the algorithm but is included for the fol- 
lowing two-part loop invariant: 

Just prior to each iteration of the for loop of lines 4-0> 

1. The value of c is the same as the prefix (bk,bk-\ , ■ ■ ■ f&i+i) of the binary 
representation of b, and 

2. d = a° mod n. 

We use this loop invariant as follows: 

Initialization: Initially, i = k, so that the prefix {bk, bk-\, . . . ,b i+ y) is empty, 
which corresponds to c = 0. Moreover, d = 1 = a° mod n. 




iter 



If the inputs**?? i? , and n are /3-bit numbers, then the total number of arifh- 
quure 

is O(p). C 
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Maintenance: Let c' and d' denote the values of c and d at the end of an iteration 
, of the for loop, and thus the values prior to the next iteration. Each iteration 
^\ updates c' = 2c (if b t = 0) or c' = 2c + 1 (if Zj, = 1), so that c will be correct 
v^prior to the next iteration. If b t = 0, then d' = d 2 mod n = (a 0 ) 2 mod n = 
mod n = a° mod n. If b, = 1, then d' = d 2 a mod n = (a c ) 2 a mod n = 
1 mod n = a° mod n. In either case, d = a c mod n prior to the next 
r^on. 

Termination: At termination, i = — 1. Thus, c = b, since c has the value of the 
prefix {kf^bk-i, . . . , b 0 ) of b's binary representation. Hence d = a c mod n = 
a b mod 

metic operations required is 0(j3) and the total number of bit operations required 
Exercises v v 

Draw a table showing the order (5^every element in Z* t . Pick the smallest primitive 
root g and compute a table giving^indu^M for all x e Z* P 

Give a modular exponentiation algoritnmJhat examines the bits of b from right to 
left instead of left to right. 

Assuming that you know (p{n), explain how te^o)npute a~ l mod n for any a e Z* 
using the procedure M0DULAR-EXP0NENTIATI@. 

31.7 The RSA public-key cryptosystem 



With a public -key cryptosystem, we can encrypt messages serif between two com- 
municating parties so that an eavesdropper who overhears the encrypted messages 
will not be able to decode them. A public -key cryptosystem also enables a party 
to append an unforgeable "digital signature" to the end of an electronic message. 
Such a signature is the electronic version of a handwritten signature on a paper doc- 
ument. It can be easily checked by anyone, forged by no one, yet loses its validity 
if any bit of the message is altered. It therefore provides authentication of both the 
identity of the signer and the contents of the signed message. It is the perfect tool 
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for electronically signed business contracts, electronic checks, electronic purchase 
orders, and other electronic communications that parties wish to authenticate. 
^\ The RSA public -key ciyptosystem relies on the dramatic difference between the 
v^aase of finding large prime numbers and the difficulty of factoring the product of 
^ large prime numbers. Section 31.8 describes an efficient procedure for finding 
)prime numbers, and Section 31.9 discusses the problem of factoring large 




Public-key>pryptosystems 

In a public - < Key i cryptosystem, each participant has both a public key and a secret 
key. Each key^ a piece of information. For example, in the RSA cryptosystem, 
each key consistsJW. a pair of integers. The participants "Alice" and "Bob" are 
traditionally used ^rr cryptography examples; we denote their public and secret 
keys as Pa, Sa for A^e and P B , Sb for Bob. 

Each participant cre^s his or her own public and secret keys. Secret keys are 
kept secret, but public kg$£>can be revealed to anyone or even published. In fact, 
it is often convenient to asjrfrme that everyone's public key is available in a pub- 
lic directory, so that any part^pant can easily obtain the public key of any other 
participant. 

The public and secret keys spec^ functions that can be applied to any message. 
Let D denote the set of permissible m^sages. For example, S) might be the set of 
all finite-length bit sequences. In the\implest, and original, formulation of public- 
key cryptography, we require that the pjublic and secret keys specify one-to-one 
functions from 5) to itself. We denote th^fujjction corresponding to Alice's public 
key Pa by PaQ and the function corresponding to her secret key Sa by SaQ- The 
functions P A () and SaQ are thus permutatidn*-«L0. We assume that the functions 
PaQ and SaQ are efficiently computable given khejcorresponding key Pa or Sa- 

The public and secret keys for any participant kre a "matched pair" in that they 
specify functions that are inverses of each other. That is, 

M = S a (Pa(M)), K q (31.35) 

M = P a (Sa(M)) (31.36) 

for any message M e J). Transforming M with the two keys P A and Sa succes- 
sively, in either order, yields the message M back. 

In a public-key cryptosystem, we require that no one but Alice be able to com- 
pute the function S A Q in any practical amount of time. This assumption is crucial 
to keeping encrypted mail sent to Alice private and to knowing that Alice's digi- 
tal signatures are authentic. Alice must keep secret; if she does not, she loses 
her uniqueness and the cryptosystem cannot provide her with unique capabilities. 
The assumption that only Alice can compute SaQ must hold even though everyone 
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C = P A (M) 
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Figure 31.5 ^flcryption in a public key system. Bob encrypts the message M using Alice's public 
key Pa and tran^mts the resulting ciphertext C = Pa{M) over a communication channel to Al- 
ice. An eavesdrop^erjvho captures the transmitted ciphertext gains no information about M. Alice 
receives C and decrJmtfJt using her secret key to obtain the original message M = Sa(C). 

c 

knows P A and can compute Pa(), the inverse function to Sa(), efficiently. In order 
to design a workable pub^c-key cryptosystem, we must figure out how to create 
a system in which we can raveal a transformation P A () without thereby revealing 
how to compute the corresperfiding inverse transformation S A ()- This task appears 
formidable, but we shall see howto accomplish it. 

In a public-key cryptosysteirvencryption works as shown in Figure 31.5. Sup- 
pose Bob wishes to send Alice a»message M encrypted so that it will look like 
unintelligible gibberish to an eavesSljxjppsr. The scenario for sending the message 
goes as follows. 

• Bob obtains Alice's public key Pa Qmji a public directory or directly from 
Alice). 

• Bob computes the ciphertext C = Pa (M^sprresponding to the message M 
and sends C to Alice. q 

• When Alice receives the ciphertext C , she applk&her secret key Sa to retrieve 
the original message: Sa(C) = Sa{Pa(M)) = 

Because 5^0 and P A () are inverse functions, Alice car^c^mpute M from C. Be- 
cause only Alice is able to compute Sa§, Alice is the only who can compute M 
from C . Because Bob encrypts M using P A (), only Alice catj^nderstand the trans- 
mitted message. 

We can just as easily implement digital signatures within our formulation of a 
public -key cryptosystem. (There are other ways of approaching the problem of 
constructing digital signatures, but we shall not go into them here.) Suppose now 
that Alice wishes to send Bob a digitally signed response M' . Figure 31.6 shows 
how the digital-signature scenario proceeds. 

• Alice computes her digital signature a for the message M' using her secret 
key Sa and the equation a = Sa(M'). 
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fital signatures in a public-key system. Alice signs the message M' by appending 
a = Sa(M') to it. She transmits the message/signature pair (M',<j) to Bob, 
flecking the equation M' = P^(a). If the equation holds, he accepts (M' , a) as 



e/signature pair (M',a) to Bob. 



• Alice sends the 

• When Bob receives \ML 0"), he can verify that it originated from Alice by us- 
ing Alice's public key*ro>fyerify the equation M' = Pa(v)- (Presumably, M' 
contains Alice's name, so B-ob knows whose public key to use.) If the equation 
holds, then Bob concludesHhat the message M' was actually signed by Alice. 
If the equation fails to hold,*BpB concludes either that the message M' or the 
digital signature o was corrupted^m transmission errors or that the pair (M\ a) 
is an attempted forgery. \ 

Because a digital signature provides both^fhentication of the signer's identity and 
authentication of the contents of the signed^essage, it is analogous to a handwrit- 
ten signature at the end of a written documerj^ 

A digital signature must be verifiable by anvoHe who has access to the signer's 
public key. A signed message can be verified oyd$e party and then passed on to 
other parties who can also verify the signature. For example, the message might 
be an electronic check from Alice to Bob. After Bot) verifies Alice's signature on 
the check, he can give the check to his bank, who can therLalso verify the signature 
and effect the appropriate funds transfer. S/S 

A signed message is not necessarily encrypted; the message can be "in the clear" 
and not protected from disclosure. By composing the above protocols for encryp- 
tion and for signatures, we can create messages that are both signed and encrypted. 
The signer first appends his or her digital signature to the message and then en- 
crypts the resulting message/signature pair with the public key of the intended re- 
cipient. The recipient deciypts the received message with his or her secret key to 
obtain both the original message and its digital signature. The recipient can then 
verify the signature using the public key of the signer. The corresponding com- 
bined process using paper-based systems would be to sign the paper document and 
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then seal the document inside a paper envelope that is opened only by the intended 
recipient. 

Tjie RSA cryptosystem 

SA public-key cryptosystem, a participant creates his or her public and 
s with the following procedure: 

1. Selecl^ random two large prime numbers p and q such that p ^ q. The primes 
p and q^Lght be, say, 1024 bits each. 

2. Compute )i?= i pq. 

3. Select a smatTodd integer e that is relatively prime to (p(n), which, by equa- 
tion (31.20), eqMaJ^Q? - \)(q - 1). 

4. Compute d as the >mViltiplicative inverse of e, modulo </>(«). (Corollary 31.26 
guarantees that d exi^& and is uniquely defined. We can use the technique of 
Section 31.4 to comput^^, given e and </>(«).) 

5. Publish the pair P = (e, j$rs the participant's RSA public key. 

6. Keep secret the pair S = as the participant's RSA secret key. 



For this scheme, the domain S) i^Tijie set Z„ . To transform a message M asso- 
ciated with a public key P = (e,n), qo^pute 

P(M) = M e mod n . O (31.37) 

To transform a ciphertext C associated witn^ecret key S = (d, n), compute 

S(C) = C d mod n . (31.38) 

O 

These equations apply to both encryption and signa|tftes. To create a signature, the 
signer applies his or her secret key to the message to be signed, rather than to a 
ciphertext. To verify a signature, the public key of the signer is applied to it, rather 
than to a message to be encrypted. s-\ 

We can implement the public -key and secret-key operatiQp^using the procedure 
Modular-Exponentiation described in Section 31.6. TVanalyze the running 
time of these operations, assume that the public key (e,n) and secret key (d,n) 
satisfy lge = 0(1), lg d < ft, and lg n < fi. Then, applying a public key requires 
0(1) modular multiplications and uses 0(/3 2 ) bit operations. Applying a secret 
key requires O(fi) modular multiplications, using 0(j3 3 ) bit operations. 

Theorem 31.36 (Correctness of RSA) 

The RSA equations (31.37) and (31.38) define inverse transformations of Z„ satis- 
fying equations (31.35) and (31.36). 
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Proof From equations (31.37) and (31.38), we have that for any M € Z„, 
~ P(S(M)) = S(P(M)) = M ed (mod n) . 

vjjince e and d are multiplicative inverses modulo (p(n) — (p — i)(q — 1), 

for sc(fi^e integer A:. But then, if M ^ 0 (mod />), we have 

M ed Q ji M(M p - l ) k{q - l) (mod p) 

«M mod p)*- 1 )**'- 1 * (mod />) 

fc(<?_1) (mod />) (by Theorem 31.31) 

M * ^\ (mod . 

Also, M ed = M <(mo±p) if M = 0 (mod /?). Thus, 

M ed = M (mod p) X A 

for all M. Similarly, C^> 

M ed = M (mod ^ ^ 

for all M. Thus, by Corollary 34.29>to the Chinese remainder theorem, 
M ed = M (mod n) \^ 

for all M . O ■ 

The security of the RSA cryptosystem r^3j$ in large part on the difficulty of fac- 
toring large integers. If an adversary can factafHhe modulus n in a public key, then 
the adversary can derive the secret key from the^public key, using the knowledge 
of the factors p and q in the same way that the crea^r of the public key used them. 
Therefore, if factoring large integers is easy, then creaking the RSA cryptosystem 
is easy. The converse statement, that if factoring large integers is hard, then break- 
ing RSA is hard, is unproven. After two decades of research, however, no easier 
method has been found to break the RSA public -key cryntosystem than to factor 
the modulus n. And as we shall see in Section 31.9, factorf@ large integers is sur- 
prisingly difficult. By randomly selecting and multiplying together two 1024-bit 
primes, we can create a public key that cannot be "broken" in any feasible amount 
of time with current technology. In the absence of a fundamental breakthrough in 
the design of number-theoretic algorithms, and when implemented with care fol- 
lowing recommended standards, the RSA cryptosystem is capable of providing a 
high degree of security in applications. 

In order to achieve security with the RSA cryptosystem, however, we should 
use integers that are quite long— hundreds or even more than one thousand bits 



Chapter 31 Number-Theoretic Algorithms 



long— to resist possible advances in the art of factoring. At the time of this 
writing (2009), RSA moduli were commonly in the range of 768 to 2048 bits. 
•^To create moduli of such sizes, we must be able to find large primes efficiently. 
\8^$:tion 31.8 addresses this problem. 

Pdy efficiency, RSA is often used in a "hybrid" or "key-management" mode 
withyifeit non-public -key cryptosystems. With such a system, the encryption and 
decryminn keys are identical. If Alice wishes to send a long message M to Bob 
privately,/d*e selects a random key K for the fast non-public -key cryptosystem and 
encrypts Mousing K, obtaining ciphertext C . Here, C is as long as M, but K 
is quite short \T»hen, she encrypts K using Bob's public RSA key. Since K is 
short, covapwmgiP B (K) is fast (much faster than computing P B {M)). She then 
transmits (C, Pb^jQ) to Bob, who decrypts Pb(K) to obtain K and then uses K 
to decrypt C, obtaining M . 

We can use a similar liybrid approach to make digital signatures efficiently. 
This approach combinb^RSA with a public collision-resistant hash function h—a 
function that is easy to compute but for which it is computationally infeasible to 
find two messages M and^f' such that h{M) = h(M'). The value h(M) is 
a short (say, 256-bit) "finge rfirmt" of the message M . If Alice wishes to sign a 
message M, she first applies K^> M to obtain the fingerprint h{M), which she 
then encrypts with her secret key. .She sends (M, S A (h(M))) to Bob as her signed 
version of M. Bob can verify theYsrgnature by computing h(M) and verifying 
that P A applied to S A (h(M)) as recei\(e^equals h(M). Because no one can create 
two messages with the same fingerprint^ is computationally infeasible to alter a 
signed message and preserve the validity o/fliie signature. 

Finally, we note that the use of certifieaws naakes distributing public keys much 
easier. For example, assume there is a "truMe^. authority" T whose public key 
is known by everyone. Alice can obtain from /*-a-signed message (her certificate) 
stating that "Alice's public key is P A ." This certificate's "self-authenticating" since 
everyone knows P T . Alice can include her certificate with her signed messages, 
so that the recipient has Alice's public key immediately available in order to verify 
her signature. Because her key was signed by T, the rexapient knows that Alice's 
key is really Alice's. \Ji 

Exercises 
31.7-1 

Consider an RSA key set with p = 11, q = 29, n = 319, and e = 3. What 
value of d should be used in the secret key? What is the encryption of the message 
M = 100? 



31.7-9 

Prove thaY RS A is multiplicative in the sense that 



31.8 Primality testing 965 
^ 31.7-2 

, Prove that if Alice's public exponent e is 3 and an adversary obtains Alice's secret 
exponent d, where 0 < d < <p(n), then the adversary can factor Alice's modulus n 
•Sm time polynomial in the number of bits in n. (Although you are not asked to prove 
ifcAou may be interested to know that this result remains true even if the condition 
e i s removed. See Miller [255].) 

thSL 

P A (M0PAi^2) = Pa{M x M 2 ) (mod n) . 

V> 

Use this fact tenirove that if an adversary had a procedure that could efficiently 
decrypt 1 percenUaLmessages from Z„ encrypted with P A , then he could employ 
a probabilistic alg&rithm to decrypt every message encrypted with P A with high 
probability. \^ x 

\ 

★ 31.8 Primality testing 

In this section, we consider the pr^lem of finding large primes. We begin with a 
discussion of the density of primes, proceed to examine a plausible, but incomplete, 
approach to primality testing, and fhe{fj) resen t an effective randomized primality 
test due to Miller and Rabin. 

The density of prime numbers 

For many applications, such as cryptography,^^ need to find large "random" 
primes. Fortunately, large primes are not too rare, so that it is feasible to test 
random integers of the appropriate size until we fin<5 a^jrime. The prime distribu- 
tion function 7i (n) specifies the number of primes that- ate less than or equal to n. 
For example, ;r(10) = 4, since there are 4 prime numbers-dgss than or equal to 10, 
namely, 2, 3, 5, and 7. The prime number theorem gives <^useful approximation 
to n(n). 

Theorem 31.37 (Prime number theorem) 

hm — = 1 . ■ 

n^oo n/lnn 



The approximation n/lnn gives reasonably accurate estimates of n(n) even 
for small n. For example, it is off by less than 6% at n = 10 9 , where n(n) = 
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50,847,534 and n/lnn ss 48,254,942. (To a number theorist, 10 9 is a small num- 
ber.) 

We can view the process of randomly selecting an integer n and determining 
*tff$efher it is prime as a Bernoulli trial (see Section C.4). By the prime number 
fheohem, the probability of a success— that is, the probability that n is prime— is 
apprpwnately 1/ In n. The geometric distribution tells us how many trials we need 
to obrajtna success, and by equation (C.32), the expected number of trials is ap- 
proximate^ Inn. Thus, we would expect to examine approximately Inn integers 
chosen rahcWrily near n in order to find a prime that is of the same length as n. 



For example*; we expect that finding a 1024-bit prime would require testing ap- 
proximately li>2iP 24 kb 710 randomly chosen 1024-bit numbers for primality. (Of 



r, w@ 

course, we can cur this figure in half by choosing only odd integers.) 

In the remainder4)ithis section, we consider the problem of determining whether 
or not a large odd inlleger « is prime. For notational convenience, we assume that n 
has the prime factorizaXforL. 

n = pTpT-p e /, C £> (31.39) 

where r > 1, p 1} p 2 , . . . , p r the prime factors of n, and e\, e 2 , ■ ■ ■ , e r are posi- 
tive integers. The integer n is p^e if and only if r = 1 and e\ = 1. 

One simple approach to the problem of testing for primality is trial division. We 
try dividing n by each integer 2, 3,"Q, L/"J- (Again, we may skip even integers 
greater than 2.) It is easy to see that «\i<prime if and only if none of the trial divi- 
sors divides n . Assuming that each trial division takes constant time, the worst-case 
running time is ©(^/H"), which is exponeri^l in the length of n. (Recall that if n 
is encoded in binary using /3 bits, then /3 =-^g(« + 1)], and so *Jti = 0(2^ 2 ).) 
Thus, trial division works well only if n is vej^mall or happens to have a small 
prime factor. When it works, trial division has tJrev advantage that it not only de- 
termines whether n is prime or composite, but alsp^etermines one of n's prime 
factors if n is composite. 

In this section, we are interested only in finding out whether a given number n 
is prime; if n is composite, we are not concerned with-poding its prime factor- 
ization. As we shall see in Section 31.9, computing the priioe factorization of a 
number is computationally expensive. It is perhaps surprising^mat it is much easier 
to tell whether or not a given number is prime than it is to determine the prime 
factorization of the number if it is not prime. 



Pseudoprimality testing 



We now consider a method for primality testing that "almost works" and in fact 
is good enough for many practical applications. Later on, we shall present a re- 
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finement of this method that removes the small defect. Let Z+ denote the nonzero 
elements of Z„ : 

^+ = {l,2,...,n-l} . 

i§ prime, then Z+ = Z*. 
i say that n is a base-a pseudoprime if n is composite and 

^ (mod n) . (31.40) 

Fermat's ^rfeorem (Theorem 31.31) implies that if n is prime, then n satisfies equa- 
tion (31.40\fl&f every a in Z+. Thus, if we can find any a e Z+ such that n does 
not satisfy ecujrition (31.40), then n is certainly composite. Surprisingly, the con- 
verse almost hi$liK so that this criterion forms an almost perfect test for primality. 
We test to see wHetJa^r n satisfies equation (31.40) for a = 2. If not, we declare n 
to be composite byVeturning COMPOSITE. Otherwise, we return PRIME, guessing 
that n is prime (when, in fact, all we know is that n is either prime or a base-2 
pseudoprime). V » 

The following procedu$e*pretends in this manner to be checking the primality 
of n. It uses the procedure MODULAR-EXPONENTIATION from Section 31.6. We 
assume that the input n is an integer greater than 2. 

Pseudoprime («) ^ 

1 if MODULAR-EXPONENTIATIO^t^, « - # 1 (mod ri) 

2 return composite // ©initely 

3 else return prime // w^fepe! 

This procedure can make errors, but only xrfnsne type. That is, if it says that n 
is composite, then it is always correct. If it say^hat n is prime, however, then it 
makes an error only if n is a base-2 pseudoprime.^ 

How often does this procedure err? Surprisinglyrarely. There are only 22 values 
of n less than 10,000 for which it errs; the first fouc-such values are 341, 561, 
645, and 1105. We won't prove it, but the probabilityHhat this program makes an 
error on a randomly chosen /3-bit number goes to zero^s^d —> oo. Using more 
precise estimates due to Pomerance [279] of the number of fjake-2 pseudoprimes of 
a given size, we may estimate that a randomly chosen 512-bit number that is called 
prime by the above procedure has less than one chance in 10 20 of being a base-2 
pseudoprime, and a randomly chosen 1024-bit number that is called prime has less 
than one chance in 10 41 of being a base-2 pseudoprime. So if you are merely 
trying to find a large prime for some application, for all practical purposes you 
almost never go wrong by choosing large numbers at random until one of them 
causes PSEUDOPRIME to return PRIME. But when the numbers being tested for 
primality are not randomly chosen, we need a better approach for testing primality. 
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As we shall see, a little more cleverness, and some randomization, will yield a 
primality-testing routine that works well on all inputs. 

Unfortunately, we cannot entirely eliminate all the errors by simply checking 
elation (31.40) for a second base number, say a = 3, because there exist com- 
posite integers n, known as Carmichael numbers, that satisfy equation (31.40) for 
all a/^\ Z*. (We note that equation (31.40) does fail when gcd(a,«) > 1— that 
is, wrfairc ^ Z* —but hoping to demonstrate that n is composite by finding such 
an a cart \& difficult if n has only large prime factors.) The first three Carmichael 
numbers are^6 1 , 1105, and 1729. Carmichael numbers are extremely rare; there 
are, for example only 255 of them less than 100,000,000. Exercise 31.8-2 helps 
explain why tKeviare so rare. 

We next showmow to improve our primality test so that it won't be fooled by 
Carmichael numbejs.y. 

The Miller-Rabin randomized primality test 

The Miller-Rabin primalitx^tpst overcomes the problems of the simple test PSEU- 
DOPRIME with two modificat^ns: 

• It tries several randomly chc^se\i base values a instead of just one base value. 

• While computing each modularv£^ponentiation, it looks for a nontrivial square 
root of 1, modulo n, during the nmjPset of squarings. If it finds one, it stops 
and returns COMPOSITE. Corollar^ 3-K35 from Section 31.6 justifies detecting 
composites in this manner. 

The pseudocode for the Miller-Rabin prim^itv test follows. The input n > 2 is 
the odd number to be tested for primality, an^Qis the number of randomly cho- 
sen base values from Z+ to be tried. The code u^e|) the random-number generator 
Random described on page 117: Random(1,« -^$) returns a randomly chosen 
integer a satisfying 1 < a < n— 1. The code uses an auxiliary procedure WITNESS 
such that Witness (a, n) is true if and only if a is a "m^ness" to the composite- 
ness of n —that is, if it is possible using a to prove (in a njtrnpier that we shall see) 
that n is composite. The test WITNESS (a, n) is an extension/^t but more effective 
than, the test < 

a"' 1 fk 1 (mod n) 

that formed the basis (using a = 2) for PSEUDOPRIME. We first present and 
justify the construction of WITNESS, and then we shall show how we use it in the 
Miller-Rabin primality test. Let n — 1 = 2'u where t > 1 and u is odd; i.e., 
the binary representation of n — 1 is the binary representation of the odd integer u 
followed by exactly t zeros. Therefore, a n ~ l = (a u ) 2 (mod n), so that we can 
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compute a" 1 mod n by first computing a" mod n and then squaring the result t 
times successively. 

*^rTNESS(a,«) 

l^£)lej: t and u be such that t > 1, u is odd, and « — 1 = 2 r w 

2 = Modular-Exponentiation (a, u, n) 

3 n^J = 1 to ? 

4 = x ?-i m °d « 

5 i^<tj == 1 and x,_i ^ 1 and x,_i ^ « — 1 

6 'Return true 

7 ifjc^Vj 

8 returifTMJE 

9 return falset^ 

This pseudocode ^r^WlTNESS computes a" -1 mod « by first computing the 
value x 0 = a" mod n m lirie 2 and then squaring the result t times in a row in the 
for loop of lines 3-6. ByKfnduction on i, the sequence x 0 , X\, . . . , x t of values 
computed satisfies the equation x, = a 2 '" (mod n) for i = 0, 1, ... ,t, so that in 
particular x r = a" -1 (mod K^r After line 4 performs a squaring step, however, 
the loop may terminate early if«iines 5-6 detect that a nontrivial square root of 1 
has just been discovered. (We sK^D explain these tests shortly.) If so, the algo- 
rithm stops and returns TRUE. Line^/-8 return TRUE if the value computed for 
x t = a n ~ l (mod n) is not equal to 1, j@t as the PSEUDOPRIME procedure returns 
COMPOSITE in this case. Line 9 return^ALSE if we haven't returned TRUE in 
lines 6 or 8. \§\ 

We now argue that if WITNESS (a, n) re < B^s TRUE, then we can construct a 
proof that n is composite using a as a witness. Q 

If Witness returns true from line 8, then^t has discovered that x t = 
a"~ l mod n ^ 1. If n is prime, however, we have by Fermat's theorem (Theo- 
rem 31.31) that a" -1 = 1 (mod n) for all a e Z+ . ^Therefore, n cannot be prime, 
and the equation a" -1 mod n ^ 1 proves this fact. ^-^>. 

If Witness returns true from line 6, then it has discovered that Xi—i is a non- 
trivial square root of 1, modulo n, since we have that XiCf ^ ±1 (mod n) yet 
x, = x?_j = 1 (mod n). Corollary 31.35 states that only if n is composite can 
there exist a nontrivial square root of 1 modulo n, so that demonstrating that x,_i 
is a nontrivial square root of 1 modulo n proves that n is composite. 

This completes our proof of the correctness of Witness. If we find that the call 
Witness (a, n) returns true, then n is surely composite, and the witness a, along 
with the reason that the procedure returns TRUE (did it return from line 6 or from 
line 8?), provides a proof that n is composite. 



Chapter 31 Number-Theoretic Algorithms 



At this point, we briefly present an alternative description of the behavior of 
Witness as a function of the sequence X = (x 0 , X\, . . . , x t ), which we shall find 
•^useful later on, when we analyze the efficiency of the Miller-Rabin primality test. 
$<ote that if x, = 1 for some 0 < i < t, WITNESS might not compute the rest 

of(tte sequence. If it were to do so, however, each value x i+2 x t would 

be Va^d we consider these positions in the sequence X as being all Is. We have 
four causes: 

1 . X =(R$.,d), where d ^ 1 : the sequence X does not end in 1 . Return TRUE 
in line 8^ is a witness to the compositeness of n (by Fermat's Theorem). 

2. X = (1, h^.. , 1): the sequence X is all Is. Return FALSE; a is not a witness 
to the compSsjieness of n. 

3. X = {. . . , — l^Xw. ,1): the sequence X ends in 1, and the last non-1 is equal 
to —1. Return faCsE'/z is not a witness to the compositeness of n. 

4. X = (..., d, 1, . . .> l)^where d ^ ±1: the sequence X ends in 1, but the last 
non-1 is not —1. Return* true in line 6; a is a witness to the compositeness 
of n, since d is a nontriwffl^quare root of 1. 

We now examine the Miller-R^bin primality test based on the use of WITNESS. 
Again, we assume that n is an oad integer greater than 2. 

Miller-Rabin (n, s) ^) . 

1 for j = 1 to s \ 

2 a = Random(1,« - 1) \J 

3 if Witness {a, n) vP* 

4 return COMPOSITE definitely 

5 return prime r^oalmost surely 

The procedure Miller-Rabin is a probabili§tLi^search for a proof that n is 
composite. The main loop (beginning on line 1) picks up to s random values of a 
from Z+ (line 2). If one of the a's picked is a witness teJthe compositeness of n, 
then Miller-Rabin returns composite on line 4. SocLa result is always cor- 
rect, by the correctness of Witness. If MiLLER-RABiN^fcnds no witness in s 
trials, then the procedure assumes that this is because no witrf^es exist, and there- 
fore it assumes that n is prime. We shall see that this result is likely to be correct 
if s is large enough, but that there is still a tiny chance that the procedure may be 
unlucky in its choice of a 's and that witnesses do exist even though none has been 
found. 

To illustrate the operation of Miller-Rabin, let n be the Carmichael num- 
ber 561, so that n — 1 = 560 = 2 4 ■ 35, t = 4, and u = 35. If the pro- 
cedure chooses a = 7 as a base, Figure 31.4 in Section 31.6 shows that WIT- 
NESS computes x 0 = a 35 = 241 (mod 561) and thus computes the sequence 
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X = (241, 298, 166, 67, 1). Thus, WITNESS discovers a nontrivial square root 
of 1 in the last squaring step, since a 280 = 67 (mod n) and a 560 = 1 (mod n). 
Therefore, a = 7 is a witness to the compositeness of n, WITNESS (7, n) returns 
v^rite, and Miller-Rabin returns composite. 



n is a /6-bit number, Miller-Rabin requires 0{sfi) arithmetic operations 
an^K>(5^ 3 ) bit operations, since it requires asymptotically no more work than s 
modular exponentiations. 

Error rate*j>f the Miller-Rabin primality test 

If Miller -^£abin returns prime, then there is a very slim chance that it has made 
an error. Unn^e PSEUDOPRIME, however, the chance of error does not depend 
on n ; there are rifcSrWl inputs for this procedure. Rather, it depends on the size of s 
and the "luck of th^arayv" in choosing base values a . Moreover, since each test is 
more stringent than sample check of equation (31.40), we can expect on general 
principles that the error^rhte should be small for randomly chosen integers n. The 
following theorem presen^a more precise argument. 

Theorem 31.38 

If n is an odd composite number, then the number of witnesses to the composite- 
ness of n is at least (n — l)/2. 

Proof The proof shows that the er of nonwitnesses is at most (n — l)/2, 
which implies the theorem. 

We start by claiming that any nonwifflfess must be a member of Z*. Why? 
Consider any nonwitness a. It must satisfy) of -1 = 1 (mod n) or, equivalently, 
a ■ a"~ 2 = 1 (mod n). Thus, the equatf$R_izx = 1 (mod n) has a solution, 
namely a"~ 2 . By Corollary 31.21, gcd(fl, riQf A, which in turn implies that 
gcd(a, n) = 1. Therefore, a is a member of Z*; aQnonwitnesses belong to Z*. 

To complete the proof, we show that not only are all nonwitnesses contained 
in Z* , they are all contained in a proper subgroup B (or>Z* (recall that we say B 
is a proper subgroup of Z* when B is subgroup of Z* ^3)t B is not equal to Z*). 
By Corollary 31.16, we then have |B| < |Z*| /2. Since |^p| < n — 1, we obtain 
I B | < (n — l)/2. Therefore, the number of nonwitnesses is at most (n — l)/2, so 
that the number of witnesses must be at least (n — l)/2. 

We now show how to find a proper subgroup B of Z* containing all of the 
nonwitnesses. We break the proof into two cases. 

Case 1 : There exists an x € Z* such that 
x"- 1 # 1 (mod n) . 
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In other words, n is not a Carmichael number. Because, as we noted earlier, 
Carmichael numbers are extremely rare, case 1 is the main case that arises "in 
•practice" (e.g., when n has been chosen randomly and is being tested for primal- 

fc& B = {b € Z* : b n ~ l = 1 (mod «)}. Clearly, B is nonempty, since 1 e B. 
Sinc^S is closed under multiplication modulo n, we have that B is a subgroup 
of Z^WyTheorem 31.14. Note that every nonwitness belongs to B, since a non- 
witness fi^satisfies a" -1 = 1 (mod n). Since x € Z* — B, we have that B is a 
proper subgroup of Z*. 

Case 2: Forjdlx e Z* 



x n ~ l = 1 (moM) • (31.41) 

In other words, n rs-'ay Carmichael number. This case is extremely rare in prac- 
tice. However, the Millejf-'Rabin test (unlike a pseudo-primality test) can efficiently 
determine that Carmicrraef^iumbers are composite, as we now show. 

In this case, n cannot b# a prime power. To see why, let us suppose to the 
contrary that n = p e , whe?e\^is a prime and e > 1. We derive a contradiction 
as follows. Since we assumeMbat n is odd, p must also be odd. Theorem 31.32 
implies that Z* is a cyclic group: it contains a generator g such that ord„ (g) = 
|Z*| = §(ri) = p e (l — l/p) = ^p-^y)p e ~ 1 - (The formula for <p(n) comes from 
equation (31.20).) By equation (31\44)Awe have g n ~ l = 1 (mod n). Then the 
discrete logarithm theorem (Theorem ^1.33, taking y = 0) implies that n — 1 = 0 
(mod <p{n)), or o 

ip-\)f- x \p e -\. 

This is a contradiction for e > 1, since (p -<XJ^ _1 is divisible by the prime p 
but p e — 1 is not. Thus, n is not a prime power. O^, 

Since the odd composite number n is not a prim^power, we decompose it into 
a product riin 2 , where n\ and n 2 are odd numbers greater than 1 that are relatively 
prime to each other. (There may be several ways to dec(or)apose n, and it does not 
matter which one we choose. For example, if n = p\ l (p^ ■■ ■ p e / , then we can 
choose «x = p e y and n 2 = P^pT'" P7 •) v*> 

Recall that we define t and m so that n — 1 = 2'u, where £ > 1 and u is odd, and 
that for an input a, the procedure WITNESS computes the sequence 

X = (a u ,a 2u ,a 22u ,...,a 2 ' u ) 

(all computations are performed modulo n). 

Let us call apair (v, j) of integers acceptable if v e Z*, j 6 {0, 1, ... , t}, and 

v 2 '" = -1 (mod n) , 
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Acceptable pairs certainly exist since u is odd; we can choose v = n — 1 and 
j = 0, so that (n — 1 , 0) is an acceptable pair. Now pick the largest possible j such 
^\ that there exists an acceptable pair (v, j), and fix v so that (v, j) is an acceptable 
v^nair. Let 

B%Jx € Z* : x 2Ju = ±1 (mod «)} . 

SinCe^? is closed under multiplication modulo n, it is a subgroup of Z*. By Theo- 
rem therefore, \B\ divides |Z*|. Every nonwitness must be a member of B, 
since the-spquence X produced by a nonwitness must either be all Is or else contain 
a — 1 no later than the j th position, by the maximality of j . (If (a , j ') is acceptable, 
where a is a^ionwitness, we must have j' < j by how we chose j .) 

We now use^me existence of v to demonstrate that there exists a w e Z* — B, 
and hence that A$^proper subgroup of Z*. Since v 2J " = — 1 (mod «), we have 
v 2'u = _j (modSiJxXby Corollary 31.29 to the Chinese remainder theorem. By 
Corollary 31.28, there exists a w simultaneously satisfying the equations 

w = v (mod Hi) , >> 

w; = 1 (mod « 2 ) ■ ^ 

Therefore, 

w 2Ju = -1 (mod «i), *2 
w 2Ju = 1 (mod« 2 ). 

By Corollary 31.29, w 2J " ^ 1 (m@nx) implies w 2Ju ^ 1 (mod n), and 
w 2 J u ^ _1 ( mo d W2 ) implies w 2J " ^^1 (mod «). Hence, we conclude that 



w 



2 J u 



^ ± 1 (mod «), and so w $ B. \§l 



It remains to show that w e Z*, which w<e(ct)D by first working separately mod- 
ulo rii and modulo n 2 . Working modulo «i, ^observe that since v e Z*, we 
have that gcd(i>, n) = 1, and so also gcd(v, Hi) if v does not have any com- 
mon divisors with n , then it certainly does not have any common divisors with n Y . 
Since w = v (mod n Y ), we see that gcd(w,Wi) = /b\ Working modulo n 2 , we 
observe that w = 1 (mod n 2 ) implies gcd(u>, n 2 ) = r ffl combine these results, 
we use Theorem 31.6, which implies that gcd(w, «!« 2 ) =yf&d(w, n) = 1. That is, 

w e z;. V> 

Therefore u; e Z* — B, and we finish case 2 with the conclusion that 5 is a 
proper subgroup of Z* . 

In either case, we see that the number of witnesses to the compositeness of n is 
at least (n — l)/2. ■ 

Theorem 31.39 

For any odd integer n > 2 and positive integer s, the probability that Miller - 
Rabin(/i, s) errs is at most 2~ s . 
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Proof Using Theorem 3 1 .38, we see that if n is composite, then each execution of 
the for loop of lines \^\ has a probability of at least 1/2 of discovering a witness x 
the compositeness of n. Miller-Rabin makes an error only if it is so unlucky 
-a^o miss discovering a witness to the compositeness of n on each of the s iterations 
of main loop. The probability of such a sequence of misses is at most 2~ s . m 



prime, Miller-Rabin always reports Prime, and if n is composite, the 
chanceSnat Miller-Rabin reports Prime is at most 2~ s . 

When applying Miller-Rabin to a large randomly chosen integer n, however, 
we need to consider as well the prior probability that n is prime, in order to cor- 
rectly interpret Miller-Rabin's result. Suppose that we fix a bit length B and 
choose at random^ an integer n of length 0 bits to be tested for primality. Let A 
denote the event tfe^jt is prime. By the prime number theorem (Theorem 31.37), 
the probability that prime is approximately 

Pr{A} ss 1/lnn 

* 1.443/0. £ 

Now let B denote the event <that Miller-Rabin returns Prime. We have that 
Pr {B | A} = 0 (or equivalentl^)that Pr {B | A} = 1) and Pr {B \ 1} < 2~ s (or 
equivalently, that Pr {~B \ 1} > 1 •- 25 s ). 

But what is Pr{^ | B}, the prolQ^iliJy that n is prime, given that Miller- 
Rabin has returned Prime? By th&(^lternate form of Bayes's theorem (equa- 
tion (C.18)) we have o 

, , Pr{v4}Pr{fi 
Pr{,4|B} =- 



Pr{/l}Pr{5 | A) + Pr{/l}Tj^ | A) 

~ 1 o 

1 + 2- J (ln/j - 1) ' A 

This probability does not exceed 1/2 until s exceeds ig(ln/i — 1). Intuitively, that 
many initial trials are needed just for the confidence defjyfed from failing to find a 
witness to the compositeness of n to overcome the prior (^s in favor of n being 
composite. For a number with /3 = 1024 bits, this initial tes^g requires about 

lg(lnn-l) « lgQS/1.443) 

% 9 

trials. In any case, choosing s = 50 should suffice for almost any imaginable 
application. 

In fact, the situation is much better. If we are trying to find large primes by 
applying Miller-Rabin to large randomly chosen odd integers, then choosing 
a small value of s (say 3) is very unlikely to lead to erroneous results, though 
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we won't prove it here. The reason is that for a randomly chosen odd composite 
, integer n, the expected number of nonwitnesses to the compositeness of n is likely 
to be very much smaller than (n — l)/2. 

If the integer n is not chosen randomly, however, the best that can be proven is 
the number of nonwitnesses is at most (n — l)/4, using an improved version 
or^Ffeorem 31.38. Furthermore, there do exist integers n for which the number of 
nonw^esses is (n — 1 )/ 4. 

-\ 

31.8-1 Y> 

Prove that if arvodd integer n > 1 is not a prime or a prime power, then there exists 
a nontrivial squ£&£\j^ot of 1 modulo n. 

31.8-2 ★ y>' 

It is possible to strengthen Euler's theorem slightly to the form 

a m = ! (mod n ) for a ^|^ z * 

where n = j?^ 1 • • • p e / and A((^)is defined by 

X(n) = temQipl 1 ) <P(P e r r J)^Z (31-42) 

Prove that X(n) \ <p(n). A comf^ite number n is a Carmichael number if 
X(n) | n — 1. The smallest Carmich(S§J number is 561 = 3 ■ 11 ■ 17; here, 
X(n) = lcm(2, 10, 16) = 80, which djVMes 560. Prove that Carmichael num- 
bers must be both "square-free" (not divrsibj§ by the square of any prime) and the 
product of at least three primes. (For this re^<$H, they are not very common.) 

31.8-3 

Prove that if x is a nontrivial square root of 1, nrodulo n, then gcd(x — l,n) and 
gcd(x + 1, ri) are both nontrivial divisors of n. • 
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Suppose we have an integer n that we wish to factor, that is, to decompose into a 
product of primes. The primality test of the preceding section may tell us that n is 
composite, but it does not tell us the prime factors of n. Factoring a large integer n 
seems to be much more difficult than simply determining whether n is prime or 
composite. Even with today's supercomputers and the best algorithms to date, we 
cannot feasibly factor an arbitrary 1024-bit number. 
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Pollard's rho heuristic 

rial division by all integers up to R is guaranteed to factor completely any number 
o R 2 . For the same amount of work, the following procedure, POLLARD -Rho, 
£tors any number up to R 4 (unless we are unlucky). Since the procedure is only 
a neurotic, neither its running time nor its success is guaranteed, although the 
proce^mre is highly effective in practice. Another advantage of the POLLARD - 
Rho procedure is that it uses only a constant number of memory locations. (If you 
wanted to^qu could easily implement POLLARD -RHO on a programmable pocket 
calculator mMnd factors of small numbers.) 

V' 

Pollard -Rhq<^) 

1 i = l ^ 

2 %i = Randojn^, n - 1) 

4 k = 2 X A 

5 while true S ' 

6 i = i + 1 Y< 

7 Xi = (xf_ x — 1) mod/<K 



3 



8 d = gcd(_y — Xt,n) 

9 if d ^ 1 an 
10 print d 



ifd ^ land d * ^ 



12 y = Xi O 

13 k = 2k vS^ 

The procedure works as follows. Lines l-2^ubalize i to 1 and x x to a randomly 
chosen value in Z„ . The while loop beginning onT^ne 5 iterates forever, searching 
for factors of n. During each iteration of the while ^i&p, line 7 uses the recurrence 

Xi = (xf_ t - 1) mod n • (31.43) 

to produce the next value of x, in the infinite sequence ^-q 

Xi,x 2 ,x 3 ,x 4 ,... , (31.44) 

with line 6 correspondingly incrementing i . The pseudocode is written using sub- 
scripted variables x, for clarity, but the program works the same if all of the sub- 
scripts are dropped, since only the most recent value of x, needs to be maintained. 
With this modification, the procedure uses only a constant number of memory lo- 
cations. 

Every so often, the program saves the most recently generated x, value in the 
variable y. Specifically, the values that are saved are the ones whose subscripts are 
powers of 2: 
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X\, %i, X4, Xg, X\(,, . . . . 

r\ Line 3 saves the value jci, and line 12 saves x^ whenever i is equal to k. The 
V^ariable k is initialized to 2 in line 4, and line 13 doubles it whenever line 12 
vupdates y. Therefore, k follows the sequence 1,2,4,8,... and always gives the 
snos^ipt of the next value Xk to be saved in y. 

Lines 8-10 try to find a factor of n, using the saved value of y and the cur- 
rent vaiue of Xi. Specifically, line 8 computes the greatest common divisor 
Xt,n). If line 9 finds d to be a nontrivial divisor of n, then line 10 

prints d . \) 

This pro&^flure for finding a factor may seem somewhat mysterious at first. 
Note, howevet^ttiat Pollard -Rho never prints an incorrect answer; any num- 
ber it prints is a^r^ntrivial divisor of n. Pollard-Rho might not print anything 
at all, though; it c^es with no guarantee that it will print any divisors. We shall 
see, however, that we^iave good reason to expect POLLARD -Rho to print a fac- 
tor p of n after ©(^/alterations of the while loop. Thus, if n is composite, we 
can expect this procedure^fo discover enough divisors to factor n completely after 



approximately n 1 ? 4 update's^ince every prime factor p of n except possibly the 
largest one is less than *Jn, ^\ 

We begin our analysis of now this procedure behaves by studying how long 
it takes a random sequence motlukf n to repeat a value. Since Z„ is finite, and 
since each value in the sequence (3l .44) depends only on the previous value, the 
sequence (31.44) eventually repeats Msejf. Once we reach an x, such that x, = Xj 
for some j < i, we are in a cycle, sirtGe_x ;+1 = x 7+1 , x, +2 = x 7+2 , and so on. 
The reason for the name "rho heuristic"\fsrmat, as Figure 31.7 shows, we can draw 

the sequence x l5 x 2 X/-i as the "tail" blithe rho and the cycle Xj, X/+i, . . . , x, 

as the "body" of the rho. 

Let us consider the question of how long it ta@ for the sequence of x, to repeat. 
This information is not exactly what we need, butf^ve shall see later how to modify 
the argument. For the purpose of this estimation, let«us assume that the function 

f n (x) = (x 2 - 1) mod« 

behaves like a "random" function. Of course, it is not reSjl^ random, but this as- 
sumption yields results consistent with the observed behavior of Pollard-Rho. 
We can then consider each x, to have been independently drawn from Z n according 
to a uniform distribution on Z„. By the birthday-paradox analysis of Section 5.4.1, 
we expect ©(^/Ti) steps to be taken before the sequence cycles. 

Now for the required modification. Let p be a nontrivial factor of n such that 
gcd(/?, nip) = 1 . For example, if n has the factorization n = p\ l p e ^ ■ ■ ■ p e / , then 
we may take p to be pi 1 . (If e\ = 1, then p is just the smallest prime factor of n, 
a good example to keep in mind.) 
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Figure 31.7 Pollard's rho heuristic, (a) Tfte-^values produced by the recurrence Xj+i 
(a? — 1) mod 1387, starting with x\ = 2. The pr^^ factorization of 1387 is 19 • 73. The heavy 
arrows indicate the iteration steps that are executed i(K^>re the factor 19 is discovered. The light 
arrows point to unreached values in the iteration, to illustia^e the "rho" shape. The shaded values are 
the v values stored by POLLARD-RHO. The factor 19 is araoyered upon reaching xj = 177, when 
gcd(63 — 177, 1387) = 19 is computed. The first x valueHhatjWould be repeated is 1186, but the 
factor 19 is discovered before this value is repeated, (b) The vames produced by the same recurrence, 
modulo 19. Every value Xj given in part (a) is equivalent, modulo 19, to the value x ; - shown here. 
For example, both A4 = 63 and x-j = 111 are equivalent to 6, modals 19. (c) The values produced 
by the same recurrence, modulo 73. Every value a,- given in part (a)S« equivalent, modulo 73, to the 
value x'! shown here. By the Chinese remainder theorem, each node inVpstrt (a) corresponds to a pair 
of nodes, one from part (b) and one from part (c). <y 



The sequence (.*, ) induces a corresponding sequence (x-) modulo p, where 
x[ = x t mod p 
for all i . 

Furthermore, because /„ is defined using only arithmetic operations (squaring 
and subtraction) modulo n, we can compute x' i+l from x[; the "modulo p" view of 
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the sequence is a smaller version of what is happening modulo n : 
r,' +1 = x i+l modp 
\A = fn(xO mod p 

= (xf — 1) mod p (by Exercise 31.1-7) 

((Xj mod p) 2 — 1) mod p 
Qlix'f - 1) mod p 
=\L(*t) ■ 

Thus, although/Aye are not explicitly computing the sequence (x-), this sequence is 
well defined artq ©beys the same recurrence as the sequence (x,). 

Reasoning as oefj^rre, we find that the expected number of steps before the se- 
quence (x'j) repeats^ ®^*/p). If p is small compared to n, the sequence (x' t ) might 
repeat much more quickk than the sequence (x,). Indeed, as parts (b) and (c) of 
Figure 31.7 show, fhe\x^ sequence repeats as soon as two elements of the se- 
quence (Xi) are merely eqVrValent modulo p, rather than equivalent modulo n. 

Let t denote the index oCthe first repeated value in the (x-) sequence, and let 
u > 0 denote the length of cycle that has been thereby produced. That is, t 
and w > 0 are the smallest values such that x' t+i = x' t+u+j for all i > 0. By the 
above arguments, the expected VsQyfes of t and u are both ®(*fp). Note that if 
x' t+i = x' t+u+i , then p | (x t+u+i - x^+i). Thus, gcd(x f+u+ i - x t+i ,n) > 1. 

Therefore, once Pollard-Rho haQaved as y any value Xk such that k > t, 
then y mod p is always on the cycle m(6<Julo p. (If a new value is saved as y, 
that value is also on the cycle modulo /"^Eventually, k is set to a value that 
is greater than u, and the procedure then ma&es an entire loop around the cycle 
modulo p without changing the value of y. THp-Nrocedure then discovers a factor 
of n when x, "runs into" the previously stored van^of y, modulo p, that is, when 
Xi = y (mod p). 

Presumably, the factor found is the factor p, although it may occasionally hap- 
pen that a multiple of p is discovered. Since the expectWlxalues of both t and u are 
®(*/p)> tne expected number of steps required to produce\the factor p is ®(*/p). 

This algorithm might not perform quite as expected, for^wo reasons. First, the 
heuristic analysis of the running time is not rigorous, and it is possible that the cycle 
of values, modulo p, could be much larger than J~p. In this case, the algorithm 
performs correctly but much more slowly than desired. In practice, this issue seems 
to be moot. Second, the divisors of n produced by this algorithm might always be 
one of the trivial factors 1 or n. For example, suppose that n = pq, where p 
and q are prime. It can happen that the values of t and u for p are identical with 
the values of t and u for q, and thus the factor p is always revealed in the same 
gcd operation that reveals the factor q. Since both factors are revealed at the same 
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time, the trivial factor pq = n is revealed, which is useless. Again, this problem 
seems to be insignificant in practice. If necessary, we can restart the heuristic with 
\^ different recurrence of the form x,- +1 = (xf — c) mod n. (We should avoid the 
■*^ues c = 0 and c = 2 for reasons we will not go into here, but other values are 

Qf/course, this analysis is heuristic and not rigorous, since the recurrence is 
not re^akji "random." Nonetheless, the procedure performs well in practice, and 
it seems f^\be as efficient as this heuristic analysis indicates. It is the method of 
choice forrrBding small prime factors of a large number. To factor a /J-bit compos- 
ite number n :ompletely, we only need to find all prime factors less than L" 1 ^ 2 ], 
and so we expect>POLLARD-RHO to require at most n 1 ? 4 = 7?> IA arithmetic opera- 
tions and at most^ 1 / 4 ^ 2 = 2^ /4 /P bit operations. Pollard-Rho's ability to find 
a small factor p ohh with an expected number ®(*/p) of arithmetic operations is 
often its most appeafuig feature. 

Exercises v v 

31.9-1 

Referring to the execution his tc(^() shown in Figure 31.7(a), when does POLLARD- 
RHO print the factor 73 of 1387? . 

•6 

31.9-2 

Suppose that we are given a function y^Z„ — > Z„ and an initial value x 0 e Z„. 
Define x, = /(x,_i) for i = 1,2,.... Let^and u > 0 be the smallest values such 
that x t+i = x t+u+i for i = 0, 1, .... In thsjerrninology of Pollard's rho algorithm, 
/ is the length of the tail and u is the length oMfecycle of the rho. Give an efficient 
algorithm to determine t and u exactly, and aKah^e its running time. 

31.9-3 <A 

How many steps would you expect POLLARD -RHO tg require to discover a factor 
of the form p e , where p is prime and e > 1? 

31.9-4 ★ Oa 

One disadvantage of POLL ARD -RHO as written is that it reqljffes one gcd compu- 
tation for each step of the recurrence. Instead, we could batch the gcd computa- 
tions by accumulating the product of several x, values in a row and then using this 
product instead of x, in the gcd computation. Describe carefully how you would 
implement this idea, why it works, and what batch size you would pick as the most 
effective when working on a /3-bit number n. 
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-h. 

Probleit^s 

Binary gcd algorithm 

I^sLcomputers can perform the operations of subtraction, testing the parity (odd 
or^^n) of a binary integer, and halving more quickly than computing remainders. 
This (5^j)blem investigates the binary gcd algorithm, which avoids the remainder 
computeffipns used in Euclid's algorithm. 

o 

a. Prove tiM^if a and b are both even, then gcd(a, b) = 2 ■ gcd(a/2,b/2). 

b. Prove that*^ is odd and b is even, then gcd(a, b) = gcd(a,b/2). 

c. Prove that if a mm b are both odd, then gcd(a, b) = gcd((a — b)/2, b). 

V>' 

d. Design an efficient>f$inary gcd algorithm for input integers a and b, where 
a > b, that runs in Qflgct) time. Assume that each subtraction, parity test, 
and halving takes unit if^. 

31-2 Analysis of bit operations in Euclid's algorithm 

a. Consider the ordinary "paper a»d pencil" algorithm for long division: dividing 
a by b, which yields a quotient a>and remainder r. Show that this method 
requires 0{{\ + lg q) lg b) bit oper^ons. 

b. Define //(a, b) = (1 + lga)(l + lg^fpShow that the number of bit operations 
performed by EUCLID in reducing the^iblem of computing gcd(a, b) to that 
of computing gcd(6, a mod b) is at mostf©i(«, b) — yi(b, a mod b)) for some 
sufficiently large constant c > 0. Q 

c. Show that EucLlD(a,&) requires 0([i(a, b^bit operations in general and 
0(j3 2 ) bit operations when applied to two /5-bit in^n^s. 

31-3 Three algorithms for Fibonacci numbers vOj 

This problem compares the efficiency of three methods for^computing the nth Fi- 
bonacci number F n , given n. Assume that the cost of adding, subtracting, or mul- 
tiplying two numbers is 0(1), independent of the size of the numbers. 

a. Show that the running time of the straightforward recursive method for com- 
puting F n based on recurrence (3.22) is exponential in n. (See, for example, the 
Fib procedure on page 775.) 



b. Show how to compute F„ in 0(n ) time using memoization. 
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^> c. Show how to compute F n in O(lgn) time using only integer addition and mul- 
, tiplication. {Hint: Consider the matrix 




0 1 

1 1 



ind\i 



powers.) 

d. Assun^b)now that adding two /3-bit numbers takes 0(/3) time and that multi- 
plying flvj) /3-bit numbers takes G)(/3 2 ) time. What is the running time of these 
three methyls under this more reasonable cost measure for the elementary arith- 
metic operations? 

31-4 Quadratic residues 

Let p be an odd prims/A number a e Z* is a quadratic residue if the equation 
x 2 = a (mod p) has a s^fetion for the unknown x. 



a. Show that there are exactfy>{/> — l)/2 quadratic residues, modulo p. 

b. If p is prime, we define the®gendre symbol for a S Z*, to be 1 if a is a 
quadratic residue modulo p ami ->4 otherwise. Prove that if a 6 Z* then 

o 

(-) = a^ 2 (mod p) . 

Give an efficient algorithm that determ^ekwhether a given number a is a qua- 
dratic residue modulo p. Analyze the efficie^y of your algorithm. 

c. Prove that if p is a prime of the form 4k + 3 is a quadratic residue in Z* 
then mod p is a square root of a, modulo (p. How much time is required 
to find the square root of a quadratic residue a modulo z>? 

O 

d. Describe an efficient randomized algorithm for finding(a)nonquadratic residue, 
modulo an arbitrary prime p, that is, a member of Z* , <ljjk is not a quadratic 
residue. How many arithmetic operations does your algorithm require on aver- 
age? 



Chapter notes 



Niven and Zuckerman [265] provide an excellent introduction to elementary num- 
ber theory. Knuth [210] contains a good discussion of algorithms for finding the 
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greatest common divisor, as well as other basic number-theoretic algorithms. Bach 
[30] and Riesel [295] provide more recent surveys of computational number the- 
ory. Dixon [91] gives an overview of factorization and primality testing. The 
v^oonference proceedings edited by Pomerance [280] contains several excellent sur- 
articles. More recently, Bach and Shallit [31] have provided an exceptional 
oveffaew of the basics of computational number theory. 

K^vtrth [210] discusses the origin of Euclid's algorithm. It appeal's in Book 7, 
ProposLtrans 1 and 2, of the Greek mathematician Euclid's Elements, which was 
written around 300 B.C. Euclid's description may have been derived from an al- 
gorithm dtte tp'Eudoxus around 375 B.C. Euclid's algorithm may hold the honor 
of being the \)ldest nontrivial algorithm; it is rivaled only by an algorithm for mul- 
tiplication knoWnJo the ancient Egyptians. Shallit [312] chronicles the history of 
the analysis of EucUd's algorithm. 

Knuth attributed a special case of the Chinese remainder theorem (Theo- 
rem 31.27) to the Ch(ne§e mathematician Sun-Tsu, who lived sometime between 
200 B.C. and A.D. 20f£-tiie date is quite uncertain. The same special case was 
given by the Greek mathematician Nichomachus around A.D. 100. It was gener- 
alized by Chhin Chiu-Shao(rn 1247. The Chinese remainder theorem was finally 
stated and proved in its full g^S^rality by L. Euler in 1734. 

The randomized primality-testing algorithm presented here is due to Miller [255] 
and Rabin [289]; it is the fastest^aYdomized primality -testing algorithm known, 
to within constant factors. The proo^of Theorem 31.39 is a slight adaptation of 
one suggested by Bach [29]. A proofyf a stronger result for Miller-Rabin 
was given by Monier [258, 259]. For manv years primality-testing was the classic 
example of a problem where randomizmum appeared to be necessary to obtain 
an efficient (polynomial-time) algorithm. 110002, however, Agrawal, Kayal, and 
Saxema [4] surprised everyone with their deterministic polynomial-time primality- 
testing algorithm. Until then, the fastest determiiWic primality testing algorithm 
known, due to Cohen and Lenstra [73], ran in time\lg n)°^ gXgXgn ^ on input n, which 
is just slightly superpolynomial. Nonetheless, for practical purposes randomized 
primality-testing algorithms remain more efficient anckare preferred. 

The problem of finding large "random" primes is nicS^discussed in an article 
by Beauchemin, Brassard, Crepeau, Goutier, and Pomerarfe£>[36]. 

The concept of a public -key cryptosystem is due to Diffie and Hellman [87]. 
The RSA cryptosystem was proposed in 1977 by Rivest, Shamir, and Adleman 
[296]. Since then, the field of cryptography has blossomed. Our understanding 
of the RSA ciyptosystem has deepened, and modern implementations use signif- 
icant refinements of the basic techniques presented here. In addition, many new 
techniques have been developed for proving cryptosystems to be secure. For ex- 
ample, Goldwasser and Micali [142] show that randomization can be an effective 
tool in the design of secure public -key encryption schemes. For signature schemes, 
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Goldwasser, Micali, and Rivest [143] present a digital-signature scheme for which 
every conceivable type of forgery is provably as difficult as factoring. Menezes, 
•^an Oorschot, and Vanstone [254] provide an overview of applied cryptography, 
v^he rho heuristic for integer factorization was invented by Pollard [277]. The 
vem|j)n presented here is a variant proposed by Brent [56]. 

Ttje4>est algorithms for factoring large numbers have a running time that grows 
rougHfWwponentially with the cube root of the length of the number n to be fac- 
tored. The>general number-field sieve factoring algorithm (as developed by Buh- 
ler, Lenstr^arid Pomerance [57] as an extension of the ideas in the number-field 
sieve factormg algorithm by Pollard [278] and Lenstra et al. [232] and refined by 
Coppersmith |V7i and others) is perhaps the most efficient such algorithm in gen- 
eral for large inputs. Although it is difficult to give a rigorous analysis of this 
algorithm, under reasonable assumptions we can derive a running-time estimate of 
L(l/3,«) L902+O(1) , wher§ L(a,n) = e 0n») ff 0n in «)'-«. 

The elliptic-curve m<mod due to Lenstra [233] may be more effective for some 
inputs than the number-field sieve method, since, like Pollard's rho method, it can 
find a small prime factor /jujuite quickly. With this method, the time to find p is 
estimated to be L(l/2, p)-^i^ l \ 

\ 



°6 



32 • ^ String Matching 




Text-editing programs frequently need to find all occurrences of a pattern in the 
text. Typically, the tfcjtt is a document being edited, and the pattern searched for is a 
particular word supplied by the user. Efficient algorithms for this problem— called 
"string matching"— can^reatly aid the responsiveness of the text-editing program. 
Among their many other applications, string-matching algorithms search for par- 
ticular patterns in DNA sequences. Internet search engines also use them to find 
Web pages relevant to queries^ 

We formalize the string-matching problem as follows. We assume that the 
text is an array T[l . .n] of lengthy and that the pattern is an array P[l . .m] 
of length m < n. We further a^gyme that the elements of P and T are char- 
acters drawn from a finite alphabef^T For example, we may have £ = {0,1} 
or £ = {a, b, . . . , z}. The character (a^ays P and T are often called strings of 
characters. 

Referring to Figure 32.1, we say that p^llern P occurs with shift s in text T 
(or, equivalently, that pattern P occurs begp^tjng at position s + 1 in text T) if 

0 < s < n-m and T[s + 1.. s + m] = P[l . .M(thatis,if T[s + j] = P[j], for 

1 < j < m). If P occurs with shift s in T, then w^call s a valid shift; otherwise, 
we call s an invalid shift. The string-matching problem is the problem of finding 
all valid shifts with which a given pattern P occurs m^a^iven text T. 

o 

text T abcabaabcabac < 



pattern P 



Figure 32.1 An example of the string-matching problem, where we want to find all occurrences of 
the pattern P = abaa in the text T = abcabaabcabac. The pattern occurs only once in the text, 
at shift s = 3, which we call a valid shift. A vertical line connects each character of the pattern to its 
matching character in the text, and all matched characters are shaded. 
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Algorithm Preprocessing time Matching time 

Naive 0 0((n — m + l)m) 

>in-Karp &(m) 0((n—m+V)m) 

f^nte automaton 0(ffj|E|) ®(n) 

KnQ^-Morris-Pratt 0(m) @(n) 



fr-Morris 



Figure j£2 The string-matching algorithms in this chapter and their preprocessing and matching 
times. 

^> . 

Except forv^rie naive brute-force algorithm, which we review in Section 32.1, 
each string-matK^hg algorithm in this chapter performs some preprocessing based 
on the pattern and^Eten finds all valid shifts; we call this latter phase "matching." 
Figure 32.2 shows th^preprocessing and matching times for each of the algorithms 
in this chapter. The to^> funning time of each algorithm is the sum of the prepro- 
cessing and matching tim^s. Section 32.2 presents an interesting string-matching 
algorithm, due to Rabin and Karp. Although the &((n — m + \)m) worst-case 
running time of this algoritnro^s no better than that of the naive method, it works 
much better on average and in practice. It also generalizes nicely to other pattern- 



matching problems. Section 32>5 then describes a string-matching algorithm that 
begins by constructing a finite automaton specifically designed to search for occur- 
rences of the given pattern P in a textr This algorithm takes 0(m | S|) preprocess- 
ing time, but only 0(«) matching timeYSection 32.4 presents the similar, but much 
cleverer, Knuth-Morris-Pratt (or KMP) algorithm; it has the same 0(n) matching 
time, and it reduces the preprocessing timeWconly 0(m). 

Notation and terminology ^-^^ 

We denote by X* (read "sigma-star") the set of afl\finite-lengfh strings formed 
using characters from the alphabet X. In this chapter, we consider only finite- 
length strings. The zero-length empty string, denoted #r~aJso belongs to £*. The 
length of a string x is denoted |x|. The concatenation ok Wo strings x and y, 
denoted xy, has length \x \ + \y\ and consists of the charact^>from x followed by 
the characters from y, < 

We say that a string w is a prefix of a string x, denoted w C X, if x = wy for 
some string y e S*. Note that if w \Z x, then \w\ < \x\. Similarly, we say that a 
string w is a suffix of a string x, denoted w □ x, if x = yw for some y e £*. As 
with a prefix, w □ x implies |u>| < |x|. For example, we have ab C abcca and 
cca □ abcca. The empty string s is both a suffix and a prefix of every string. For 
any strings x and y and any character a, we have x □ y if and only if xa □ ya. 
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Figure 32.3 A graphica>prprtf of Lemma 32.1. We suppose that x □ Z and y □ z. The three parts 



htee eas 
If |J$* 



y|, then x □ 7. (b) If |x| > | v|, then 37 □ x. (c) If |x| = \y\, 



Proof See Figure 32.3 for a graphical proc 1 



shaded) of the strings, (a) 
then x = y. 

Also note that C and □ are transitive>relations. The following lemma will be useful 
later. \) 

V 

Lemma 32.1 (Overlapping-suffix lemt^) 

Suppose that x, y, and z are strings suarrythat x 73 z and v □ z. If |x| < |y|, 
then x □ j. If |x| > |j|, then y □ x. ifp^j^ |y|, then x = j. 

4) 

For brevity of notation, we denote the /:-charadter prefix P [1 . . k] of the pattern 
P[l..m] by Thus, P 0 = s and P m = P = A[l . .m]. Similarly, we denote 
the ^-character prefix of the text T by 7^. Using th^Tkotation, we can state the 
string-matching problem as that of finding all shifts s in@e range 0 < s < n — m 
such that P □ T s+m . 

In our pseudocode, we allow two equal-length strings to be compared for equal- 
ity as a primitive operation. If the strings are compared from left to right and the 
comparison stops when a mismatch is discovered, we assume that the time taken 
by such a test is a linear function of the number of matching characters discovered. 
To be precise, the test "x == y" is assumed to take time &(t + 1), where / is the 
length of the longest string z such that z IZ x and z C y. (We write &(t + 1) 
rather than &(t) to handle the case in which t = 0; the first characters compared 
do not match, but it takes a positive amount of time to perform this comparison.) 
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32.1 Th§ naive string-matching algorithm 

^< 

T^ie naive algorithm finds all valid shifts using a loop that checks the condition 
P$p-w] = T[s + 1 . . s + m] for each of the n — m + 1 possible values of s. 



s = 0 



NAIVE^JTRING-M ATCHER (T, P) 

1 n = (fyength 

2 m = Ptpngth 

3 for s — QJib'n — m 

4 ifP[l«fy]==T[s+l..s + m] 

5 prinfc'Pattern occurs with shift" s 

c 

Figure 32.4 portrays the naive string-matching procedure as sliding a "template" 
containing the pattern W the text, noting for which shifts all of the characters 
on the template equal the corresponding characters in the text. The for loop of 
lines 3-5 considers each rW&s&le shift explicitly. The test in line 4 determines 
whether the current shift is valid: this test implicitly loops to check corresponding 
character positions until all posirrons match successfully or a mismatch is found. 
Line 5 prints out each valid shift A 



Procedure Naive-String-Matujer takes time 0((n — m + \)m), and this 
bound is tight in the worst case. For example, consider the text string a" (a string 
of n a's) and the pattern a m . For each of @b n —m + 1 possible values of the shift s, 
the implicit loop on line 4 to compare co^^sponding characters must execute m 
times to validate the shift. The worst-case ruling time is thus 0((« — m + l)m), 
which is 0(« 2 ) if m = [n/2\. Because it^^jiires no preprocessing, Naive- 
String-Matcher's running time equals its marching time. 
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Figure 32.4 The operation of the naive string matcher for the pattern P = aab and the text 
T = acaabc. We can imagine the pattern P as a template that we slide next to the text, (a)-(d) The 
four successive alignments tried by the naive string matcher. In each part, vertical lines connect cor- 
responding regions found to match (shown shaded), and a jagged line connects the first mismatched 
character found, if any. The algorithm finds one occurrence of the pattern, at shift 5 = 2, shown in 
part (c). 
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As we shall see, Naive-String-Matcher is not an optimal procedure for this 
problem. Indeed, in this chapter we shall see that the Knufh-Morris-Pratt algorithm 
^\ is much better in the worst case. The naive string-matcher is inefficient because 
x^n entirely ignores information gained about the text for one value of s when it 
crehsiders other values of s. Such information can be quite valuable, however. For 
ex^role, if P = aaab and we find that s = 0 is valid, then none of the shifts 1, 2, 
or S'affis valid, since T [4] = b. In the following sections, we examine several ways 



to mak&®ffective use of this sort of information. 

V 

Exercises 
32.1-1 

Show the compa^ons the naive string matcher makes for the pattern P = 0001 
in the text T = 00^010001010001. 

32.1-2 <A 

Suppose that all character^jn the pattern P are different. Show how to accelerate 
Naive-String-Matche^o run in time O(n) on an w -character text T. 

32.1-3 ® 

Suppose that pattern P and text*Tjrfe randomly chosen strings of length m and n, 
respectively, from the d-ary alphabet = {0, 1, . . . , d — 1}, where d > 2. Show 
that the expected number of characl^r-to-character comparisons made by the im- 
plicit loop in line 4 of the naive algoritfiDi is 

1 - d~ m \9\ 
(n-m + l)- — -<2(n-w+l) 

over all executions of this loop. (Assume that the^naive algorithm stops comparing 
characters for a given shift once it finds a mismafctKor matches the entire pattern.) 
Thus, for randomly chosen strings, the naive algorithm is quite efficient. 

32.1-4 O 

Suppose we allow the pattern P to contain occurrences ©a gap character that 
can match an arbitrary string of characters (even one of zeKOength). For example, 
the pattern abObaOc occurs in the text cabccbacbacab as 

c ab cc ba cba c ab 

ab ❖ ba o c 
and as 

c ab ccbac ba c ab . 

ab o ba o c 
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Note that the gap character may occur an arbitrary number of times in the pattern 
, but not at all in the text. Give a polynomial-time algorithm to determine whether 
^such a pattern P occurs in a given text T, and analyze the running time of your 
«flaorithm. 



32.2 The Rabin-lf^ algorithm 



Rabin and Karn proposed a string-matching algorithm that performs well in prac- 
tice and that also generalizes to other algorithms for related problems, such as 
two-dimensionalypattern matching. The Rabin-Karp algorithm uses ®(m) prepro- 
cessing time, and ks worst-case running time is m + l)m). Based on certain 
assumptions, however, its^ average-case running time is better. 

This algorithm mal^use of elementary number-theoretic notions such as the 
equivalence of two numbers modulo a third number. You might want to refer to 
Section 31.1 for the relevai(f^iefinitions. 

For expository purposes, l^ftis assume that S = {0,1, 2,. ..,9}, so that each 
character is a decimal digit. (In(^)e general case, we can assume that each charac- 
ter is a digit in radix-af notation, where d = |S|.) We can then view a string of k 
consecutive characters as representi^ a length-A: decimal number. The character 
string 31415 thus corresponds to the^J^imal number 31,415. Because we inter- 
pret the input characters as both grapWcaHjymbols and digits, we find it convenient 
in this section to denote them as we would/digits, in our standard text font. 

Given a pattern P [1 . . m], let p denote fts^rWesponding decimal value. In a sim- 
ilar manner, given a text T[\ . . n], let t s denofeihe decimal value of the length-m 
substring T[s + 1 . . s + m], for s = 0, 1, . . . ^r^Lm. Certainly, t s = p if and only 
if T[s + 1 . . s + m] = P[\ . .m\, thus, s is a valkr-sntft if and only if t s = p. If we 
could compute p in time ®(m) and all the t s values m a total of ®(n—m + 1) time, 1 
then we could determine all valid shifts s in time ®(m) + &(n — m + 1) = &(n) 
by comparing p with each of the t s values. (For the mo^it, let's not worry about 
the possibility that p and the t s values might be very largeGSWibers.) 

We can compute p in time &(m) using Horner's rule (see'VSpction 30.1): 

p = P[m] + 10(P[m- 1] + 10(P[m-2] + ■■■ + 10(P[2] + 10P[1])---)) • 
Similarly, we can compute t 0 from T[l . . m] in time &(m). 



We write @(n — m + 1) instead of @(n — m) because s takes on n — m + 1 different values. The 
is significant in an asymptotic sense because when m = n, computing the lone t s value takes 
0(1) time, not 0(0) time. 
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To compute the remaining values t lt t 2 , ■ ■ ■ , t„- m in time &(n — m), we observe 
that we can compute t s+ i from t s in constant time, since 

= \0{t s - lO m -'T[s + 1]) + T[s +m + 1] . (32.1) 

S^tocting \O m ~ l T[s + 1] removes the high-order digit from t s , multiplying the 
restfmby 10 shifts the number left by one digit position, and adding T[s + m + 1] 
bring^i the appropriate low-order digit. For example, if m = 5 and t s = 31415, 
then w^^ish to remove the high-order digit T[s + 1] = 3 and bring in the new 
low-ordei^jgit (suppose it is T[s + 5 + 1] = 2) to obtain 

t t+1 = fefel415 - 10000 ■ 3) + 2 

If we precompute me constant 10 m 1 (which we can do in time 0(lg m) using the 
techniques of Sectional. 6, although for this application a straightforward O(m)- 
time method suffices), 1<He*i each execution of equation (32.1) takes a constant num- 
ber of arithmetic operations, Thus, we can compute p in time &(m), and we can 
compute all of t 0 , t\ , . . . , in time ®(n — m + 1). Therefore, we can find all 
occurrences of the pattern P \jt\. m] in the text T[l . . n] with &(m) preprocessing 
time and ®(n — m + 1) matching time. 

Until now, we have intentional!^ overlooked one problem: p and t s may be 
too large to work with conveniently; If P contains m characters, then we cannot 
reasonably assume that each arithmetki.operation on p (which is m digits long) 
takes "constant time." Fortunately, we ean^olve this problem easily, as Figure 32.5 
shows: compute p and the t s values modukra suitable modulus q. We can compute 
p modulo q in 0(m) time and all the t s va«ros modulo q in 9(n — m + 1) time. 
If we choose the modulus q as a prime suchxfaM 10g just fits within one computer 
word, then we can perform all the necessary ao^inutations with single-precision 
arithmetic. In general, with a d-ary alphabet . . . , d — 1}, we choose q so 
that dq fits within a computer word and adjust the«recurrence equation (32.1) to 
work modulo q, so that it becomes (^i. 

t s +i = (d(t s - T[s + l]h) + T[s + m + 1]) mod q , Q\ (32.2) 

where h = d m ~ l (mod q) is the value of the digit "1" in the high-order position 
of an m -digit text window. 

The solution of working modulo q is not perfect, however: t s = p (mod q) 
does not imply that t s = p. On the other hand, if t s ^ p (mod q), then we 
definitely have that t s ^ p, so that shift s is invalid. We can thus use the test 
t s = p (mod q) as a fast heuristic test to rule out invalid shifts s. Any shift s for 
which t s = p (mod q) must be tested further to see whether s is really valid or 
we just have a spurious hit. This additional test explicitly checks the condition 
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Figure 32.5 The Rabin-Karp algorithm. Each character is a decimal jSicit, and we compute values 
modulo 13. (a) A text string. A window of length 5 is shown shadedV-The numerical value of the 
shaded number, computed modulo 13, yields the value 7. (b) The same tK^tring with values com- 
puted modulo 13 for each possible position of a length-5 window. Assuming the pattern P = 31415, 
we look for windows whose value modulo 13 is 7, since 31415 = 7 (mod 13). The algorithm finds 
two such windows, shown shaded in the figure. The first, beginning at text position 7, is indeed an 
occurrence of the pattern, while the second, beginning at text position 13, is a spurious hit. (c) How 
to compute the value for a window in constant time, given the value for the previous window. The 
first window has value 31415. Dropping the high-order digit 3, shifting left (multiplying by 10), and 
then adding in the low-order digit 2 gives us the new value 14152. Because all computations are 
performed modulo 13, the value for the first window is 7, and the value for the new window is 8. 
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P[l . . m] = T[s + 1 . . s + m\. If q is large enough, then we hope that spurious 
hits occur infrequently enough that the cost of the extra checking is low. 
^\ The following procedure makes these ideas precise. The inputs to the procedure 
y^e the text T, the pattern P, the radix d to use (which is typically taken to be |S|), 
an£J the prime q to use. 

Rab^^Karp-M atcher (T, P, d, q) 

1 n ^T. length 

2 m =^*R. length 

3 h = tfy 1 mod q 

4 p = 0 

5 t 0 = 0 S 

6 for i = 1 urm^ II preprocessing 

7 p = (dp-\- R[i]) mod q 

8 t 0 = (dt 0 ^ 7^b']) mod q 

9 for i = Oto/i-m > // matching 

10 if p==t s <> 

11 if P[l..m] =4^[s+ \..s + m] 

12 print "Patte^w occurs with shift" s 

13 it s < n — m • v 

14 f, + i = - r[^01]/z) + T[s + m + 1]) mod ? 

x 

The procedure Rabin-Karp-Mat^er works as follows. All characters are 
interpreted as radix-J digits. The subscript^ on / are provided only for clarity; the 
program works correctly if all the subscripterare dropped. Line 3 initializes h to the 
value of the high-order digit position of an V^ligit window. Lines 4-8 compute p 
as the value of P[l . . m] mod q and t 0 as tne~'yalue of T[\ . . m] mod q. The for 
loop of lines 9-14 iterates through all possible srn^s s, maintaining the following 
invariant: ^ 

Whenever line 10 is executed, t s = T[s + 1 . . s +(^ mod q. 

If p = t s in line 10 (a "hit"), then line 11 checks toQa, whether P[l . .m] = 
T[s + 1 . . s + m] in order to rule out the possibility of a spirfjo'us hit. Line 12 prints 
out any valid shifts that are found. If s < n — m (checked in line 13), then the for 
loop will execute at least one more time, and so line 14 first executes to ensure that 
the loop invariant holds when we get back to line 10. Line 14 computes the value 
of t s+i mod q from the value of t s mod q in constant time using equation (32.2) 
directly. 

Rabin-Karp-Matcher takes <d(m) preprocessing time, and its matching time 
is ©((« — m + l)m) in the worst case, since (like the naive string-matching algo- 
rithm) the Rabin-Karp algorithm explicitly verifies every valid shift. If P = a'" 
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and T = a", then verifying takes time ®((n—m + Y)m), since each of the n— m + 1 
possible shifts is valid. 
^\ In many applications, we expect few valid shifts— perhaps some constant c of 
■tftam. In such applications, the expected matching time of the algorithm is only 
— m + 1) + cm) = 0(n + m), plus the time required to process spurious 
hits.^J^fe can base a heuristic analysis on the assumption that reducing values mod- 
ulo q llkxlike a random mapping from Y,* to Z q . (See the discussion on the use of 
division iWhashing in Section 11.3.1. It is difficult to formalize and prove such an 
assumption^although one viable approach is to assume that q is chosen randomly 
from integers of the appropriate size. We shall not pursue this formalization here.) 
We can then expgct that the number of spurious hits is 0(n/q), since we can es- 
timate the chance that an arbitrary f, will be equivalent to p, modulo q, as l/q. 
Since there are 0(w) raositions at which the test of line 10 fails and we spend 0(m) 
time for each hit, thC expected matching time taken by the Rabin-Karp algorithm 

0(n) + 0(m(v + n/q)y,Sj, 

where v is the number of valfd^shifts. This running time is O(n) if v = 0(1) and 
we choose q > m. That is, if th^)expected number of valid shifts is small (0(1)) 
and we choose the prime q to b» larger than the length of the pattern, then we 
can expect the Rabin-Karp proceduSg)o use only 0(n + m) matching time. Since 
m <n, this expected matching time is^0(»). 

o 

Exercises 
32.2-1 



Working modulo q = 1 1 , how many spurious hifsVetaes the Rabin-Karp matcher en- 
counter in the text T = 3141592653589793 whenl^king for the pattern P = 26? 

32.2-2 • 

How would you extend the Rabin-Karp method to the p^pblem of searching a text 
string for an occurrence of any one of a given set of k padexta? Start by assuming 
that all k patterns have the same length. Then generalize yo&j^olution to allow the 
patterns to have different lengths. 

32.2-3 

Show how to extend the Rabin-Karp method to handle the problem of looking for 
a given m x m pattern in an n x n array of characters. (The pattern may be shifted 
vertically and horizontally, but it may not be rotated.) 
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32.2-4 

, Alice has a copy of a long « -bit file A = (a n -i, a n - 2 , ■ ■ ■ , a 0 ), and Bob similarly 
•^Mias an «-bit file B = (b n -i, b„- 2 , ■ ■ ■ , b 0 ). Alice and Bob wish to know if their 
y^nles are identical. To avoid transmitting all of A or B, they use the following fast 
^babilistic check. Together, they select a prime q > 1000/i and randomly select 




;ger x from {0, 1, . . . , q — 1}. Then, Alice evaluates 
A(x) =ryy fyx 1 I mod q 




o 



and Bob siiqafrarly evaluates B(x). Prove that if A ^ B, there is at most one 
chance in 10(M£)hat A(x) = B(x), whereas if the two files are the same, A(x) is 
necessarily the saffre as B(x). (Hint: See Exercise 31.4-4.) 



% 

32.3 String matching with finit£ automata 

Many string-matching algorithms build a finite automaton— a simple machine for 
processing information— that ^cans the text string T for all occurrences of the pat- 
tern P . This section presents a* method for building such an automaton. These 
string-matching automata are very^fficient: they examine each text character ex- 
actly once, taking constant time per N *£xt character. The matching time used— after 
preprocessing the pattern to build the (uitamaton— is therefore 0(n). The time to 
build the automaton, however, can be la^^if £ is large. Section 32.4 describes a 
clever way around this problem. \§l 

We begin this section with the definition $f(ajinite automaton. We then examine 
a special string-matching automaton and sho\\(*fi)DW to use it to find occurrences 
of a pattern in a text. Finally, we shall show how(f& construct the string-matching 
automaton for a given input pattern. 

'o 

Finite automata Q 

A finite automaton M, illustrated in Figure 32.6, is a 5^ruple (Q,q 0 ,A, £,5), 
where 

Q is a finite set of states, 
q 0 6 Q is the start state, 

A c Q is a distinguished set of accepting states, 
S is a finite input alphabet, 

8 is a function from Q x X into Q, called the transition function of M . 
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input 
state a b 



t^vo 1 1 i o ^n^^^r 

*y _0__0_ b 
^^(a) (b) 

Figure 32.ffOA simple two-state finite automaton with state set Q = {0, 1}, start state go = 0, 
and input alphabet S = {a, b}. (a) A tabular representation of the transition function S. (b) An 
equivalent stats^tranMtion diagram. State 1, shown blackend, is the only accepting state. Directed 
edges represent transitions. For example, the edge from state 1 to state 0 labeled b indicates that 
5(1, b) = 0. This automaton accepts those strings that end in an odd number of a's. More precisely, 
it accepts a string x lfra^l only if x = yz, where y = s or y ends with a b, and z = a fc , where k is 
odd. For example, on inoi^abaaa, including the start state, this automaton enters the sequence of 
states (0, 1,0, 1,0, 1), ana so jtaccepts this input. For input abbaa, it enters the sequence of states 
(0, 1, 0, 0, 1,0), and so it rej^ctsjhis input. 



The finite automaton begins in state q 0 and reads the characters of its input string 
one at a time. If the automaton is in state q and reads input character a, it moves 
("makes a transition") from sta^\^ to state 8(q,a). Whenever its current state q is 
a member of A, the machine M has apcepted the string read so far. An input that 
is not accepted is rejected. *Q 

A finite automaton M induces a •^tnction (p, called the final-state function, 
from S* to Q such that (p(w) is the state(^f ends up in after scanning the string w. 
Thus, M accepts a string w if and only if^^w) e A. We define the function </> 
recursively, using the transition function: 

00) = qo , 
(p(wa) = 8((p(w),a) for w e £*, a e E . O^, 

String-matching automata * ^ 

For a given pattern P , we construct a string-matching aut@iaton in a preprocess- 
ing step before using it to search the text string. Figure illustrates how we 
construct the automaton for the pattern P = ababaca. From now on, we shall 
assume that P is a given fixed pattern string; for brevity, we shall not indicate the 
dependence upon P in our notation. 

In order to specify the string-matching automaton corresponding to a given pat- 
tern P[l . .m], we first define an auxiliary function a, called the suffix function 
corresponding to P. The function a maps S* to {0, 1, ... , m} such that a(x) is the 
length of the longest prefix of P that is also a suffix of x : 

o(x) = max{jt : P k □ x} . (32.3) 
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Figure 32.7 (a) A state-transition diagra^^or the string-matching automaton that accepts all 
strings ending in the string ababaca. State the start state, and state 7 (shown blackened) is 
the only accepting state. A directed edge from st3te-i to state j labeled a represents S(i, a) = j . The 
right-going edges forming the "spine" of the au^Jmatpn, shown heavy in the figure, correspond to 
successful matches between pattern and input chara^rs. The left-going edges correspond to failing 
matches. Some edges corresponding to failing matcbeOjre omitted; by convention, if a state i has 
no outgoing edge labeled a for some a e E, then S(i,cfY\= 0. (b) The corresponding transition 
function 8, and the pattern string P = ababaca. The emTieSfcorresponding to successful matches 
between pattern and input characters are shown shaded. (c)\The operation of the automaton on the 
text T = abababacaba. Under each text character T[i] appears the state <p(Tj) that the automa- 
ton is in after processing the prefix Tj . The automaton finds one c^cfyrrence of the pattern, ending in 
position 9. 



The suffix function a is well denned since the empty stnng P 0 = s is a suf- 
fix of every string. As examples, for the pattern P = ab, we have a(e) = 0, 
er(ccaca) = 1, and er(ccab) = 2. For a pattern P of length m, we have 
a(x) = m if and only if P □ x. From the definition of the suffix function, 
x □ y implies a(x) < a(y). 

We define the string-matching automaton that corresponds to a given pattern 
P[l . .m] as follows: 
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• The state set Q is {0, 1, . . . , m}. The start state q 0 is state 0, and state m is the 
only accepting state. 

The transition function 8 is defined by the following equation, for any state q 
\Pand character a: 

I = ct(7» . (32.4) 

We deftne 8(q, a) = a{P q a) because we want to keep track of the longest pre- 
fix of the pattern P that has matched the text string T so far. We consider the 
most recently read characters of T. In order for a substring of T — let's say the 
substring endmg^at T[/]— to match some prefix Pj of P , this prefix Pj must be a 
suffix of Tj. Suppose that q = (p{Ti), so that after reading 7}, the automaton is in 
state q. We design^he^ransition function 8 so that this state number, q, tells us the 
length of the longesKprefix of P that matches a suffix of 7). That is, in state q, 
P q □ Tj and q = a (Tff. (Whenever q = m, all m characters of P match a suffix 
of Tj, and so we have fo(tnda match.) Thus, since </>(7)) and o(Tj) both equal q, 
we shall see (in Theorem 3^Abelow) that the automaton maintains the following 
invariant: 

0(7}) = tr(T t ) . (32.5) 



If the automaton is in state q and rS@s the next character T[i + 1] = a, then we 
want the transition to lead to the state ^corresponding to the longest prefix of P that 
is a suffix of Tjd, and that state is a (T, @ Because P q is the longest prefix of P 
that is a suffix of 7} , the longest prefix of T^ffiftt is a suffix of 7) a is not only a (T t a), 
but also o(PqCi). (Lemma 32.3, on page l^G^O, proves that a{T t a) = a(P q a).) 
Thus, when the automaton is in state q, we w^fjhe transition function on charac- 
ter a to take the automaton to state o(P q a). q 

There are two cases to consider. In the first cas^a = P[q + 1], so that the 
character a continues to match the pattern; in this case, because 8(q, a) = q + \, the 
transition continues to go along the "spine" of the automaton (the heavy edges in 
Figure 32.7). In the second case, a ^ P [<7 + 1], so that a Hoes not continue to match 
the pattern. Here, we must find a smaller prefix of P mark also a suffix of 7}. 
Because the preprocessing step matches the pattern against irs^f when creating the 
string-matching automaton, the transition function quickly identifies the longest 
such smaller prefix of P . 

Let's look at an example. The string-matching automaton of Figure 32.7 has 
8(5, c) = 6, illustrating the first case, in which the match continues. To illus- 
trate the second case, observe that the automaton of Figure 32.7 has 3(5, b) = 4. 
We make this transition because if the automaton reads a b in state q = 5, then 
Pqh = ababab, and the longest prefix of P that is also a suffix of ababab is 
P 4 = abab. 
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Figur^ .8 An illustration for the proof of Lemma 32.2. The figure shows that r < a(x) + 1, 
where r ^)j(xa). 

To clarify^ie operation of a string-matching automaton, we now give a simple, 
efficient progi^rji for simulating the behavior of such an automaton (represented 
by its transition -fiffljction 8) in finding occurrences of a pattern P of length m in an 
input text T[l . . nj^&s for any string-matching automaton for apattern of length m, 
the state set Q is {0,1}' . . , m}, the start state is 0, and the only accepting state is 
state m. ^\ 

Finite- AuTOMATON-lvf^fcHER (T, 8, m) 

1 n = T. length ^ /o>. 

2 q = 0 



4 q = 8(q, T[i]) 



6 print "Pattern occurs wifhGkift" i — m 

Aw 

From the simple loop structure of FlNlTE-^ySTOMATON-MATCHER, we can easily 
see that its matching time on a text string^^length n is &(n). This matching 
time, however, does not include the preproces^Ttjg time required to compute the 
transition function 8. We address this problem ^£er, after first proving that the 
procedure Finite- Automaton-Matcher operates correctly. 

Consider how the automaton operates on an input text T[l . . n\ We shall prove 
that the automaton is in state o{Ti) after scanning character T[i]. Since a (7)) = m 
if and only if P □ T t , the machine is in the accepting sh(Jg*3m if and only if it has 
just scanned the pattern P . To prove this result, we make use of the following two 
lemmas about the suffix function a. 



Lemma 32.2 (Suffix-function inequality) 

For any string x and character a, we have a(xa) < a(x) + 1. 

Proof Referring to Figure 32.8, let r = a(xa). If r = 0, then the conclusion 
o(xa) = r < a(x) + 1 is trivially satisfied, by the nonnegativity of a(x). Now 
assume that r > 0. Then, P r □ xa, by the definition of a. Thus, P r _x □ x, by 
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0. 



Figure 32.9 )\n^lTustration for the proof of Lemma 32.3. The figure shows that r = a(P q a), 
where q = a(x) anjj*: = a(xa). 

dropping the a from end of P r and from the end of xa. Therefore, r — 1 < a(x), 
since ct(x) is the largest^ such that P k □ x, and thus o{xa) = r < a(x) + 1. ■ 

<* 

Lemma 32.3 (Suffix-funct^Sn recursion lemma) 

For any string x and charade^, if q = er(x), then a(xa) = a(P q a). 

Proof From the definition of^ we have P q □ x. As Figure 32.9 shows, we 
also have P q a □ xa. If we let r*=y£{xa), then P r □ xa and, by Lemma 32.2, 
r < q + 1. Thus, we have |7V| = r^qjfr- 1 = |-P 9 a|- Since P 9 a □ xa, P r □ xa, 
and \P r \ < \P q a\, Lemma 32.1 implftis that P r □ P q a. Therefore, r < a(P q a), 
that is, a(xa) < a(P q a). But we alsoQve a{P q a) < o(xa), since P ? a □ xa. 



Thus, a(xa) = o(P q a). 



We are now ready to prove our main theoije{n)characterizing the behavior of a 
string-matching automaton on a given input texQAs noted above, this theorem 
shows that the automaton is merely keeping track<^at each step, of the longest 
prefix of the pattern that is a suffix of what has beenj-ead so far. In other words, 
the automaton maintains the invariant (32.5). 



o 



Theorem 32.4 

If 0 is the final-state function of a string-matching automato 
and T[l . .n] is an input text for the automaton, then 

0(7}) = a(Ti) 

for i = 0, 1, . . . , n. 



a given pattern P 



Proof The proof is by induction on i . For i = 0, the theorem is trivially true, 
since T 0 = s. Thus, 4>(T 0 ) = 0 = a(T 0 ). 
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Now, we assume that <j)(Tj) = <y(Tj) and prove that cf>(T i+ i) = o(T i+ i). Let q 
denote 0(T ( ), and let a denote T[i + 1]. Then, 

^\$(T i+ i) = </>(T}a) (by the definitions of T i+ 1 and a) 

= <H0(7f')> a ) (by the definition of (p) 

yS\ = 8(q,a) (by the definition of q) 

0 = a(P q a) (by the definition (32.4) of 8) 

Q= a(7|a) (by Lemma 32.3 and induction) 

^ p(T i+ i) (by the definition of 7} +1 ) . ■ 

By Theorem 3&4, if the machine enters state q on line 4, then q is the largest 
value such that FqJQ T t . Thus, we have q = m on line 5 if and only if the ma- 
chine has just scanned>an occurrence of the pattern P . We conclude that FlNlTE- 
Automaton-Matche^: operates correctly. 

Computing the transition^HJiction 

The following procedure comfwhtes the transition function 8 from a given pattern 
P[l..m]. • 2 

COMPUTE-TRANSITION-FUNCTICm^P, X) 

1 m = P. length Q 

2 for q = 0 to m 

3 for each character a e T, \§\ 

4 k = min(m + l,q + 2) tl^) 

5 repeat r\ 

6 k = k- 1 A 

7 until PkZ] P q a 

8 8(q,a) = k ^-n 

9 return 5 ^ q 

This procedure computes S(q, a) in a straightforward mann^? according to its def- 
inition in equation (32.4). The nested loops beginning on lines 2 and 3 consider 
all states q and all characters a, and lines 4-8 set 8{q,a) to be the largest k such 
that Pk □ P q a. The code stalls with the largest conceivable value of k, which is 
min(m, q + 1). It then decreases k until P k □ P q a, which must eventually occur, 
since P 0 = s is a suffix of every string. 

The running time of COMPUTE-TRANSITION-FUNCTION is 0(m 3 |E|), be- 
cause the outer loops contribute a factor of m | X | , the inner repeat loop can run 
at most m + 1 times, and the test i\ □ P q a on line 7 can require comparing up 
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to m characters. Much faster procedures exist; by utilizing some cleverly com- 
, puted information about the pattern P (see Exercise 32.4-8), we can improve the 
je required to compute S from P to 0(m | £ |). With this improved procedure for 
lputing 8, we can find all occurrences of a lengfh-m pattern in a length-/? text 
ov^an alphabet E with 0(m |E|) preprocessing time and &(n) matching time. 

Exerci^ 
32.3-1 ®± 

Construct th«r sfring-matching automaton for the pattern P = aabab and illustrate 
its operation ontjje text string T = aaababaabaababaab. 

32.3-2 \$ 

Draw a state-transition' diagram for a string-matching automaton for the pattern 
ababbabbababbabafo'babb over the alphabet S = {a, b}. 

32.3-3 K S 

We call a pattern P nonovSrlft^pable if P& □ P 9 implies = 0 or k = q. De- 
scribe the state-transition diagram of the string-matching automaton for a nonover- 
lappable pattern. 

32.3-4 ★ <5 > 

Given two patterns P and P', describe how to construct a finite automaton that 
determines all occurrences of either patt@i. Try to minimize the number of states 
in your automaton. 

32.3-5 ^ 

Given a pattern P containing gap characters (sepJixercise 32.1-4), show how to 
build a finite automaton that can find an occurrenpe of P in a text T in 0(n) 
matching time, where n = \T\. ^ 

\ 

★ 32.4 The Knuth-Morris-Pratt algorithm V? 

We now present a linear-time string-matching algorithm due to Knuth, Moms, and 
Pratt. This algorithm avoids computing the transition function S altogether, and its 
matching time is 0(«) using just an auxiliary function n, which we precompute 
from the pattern in time ®(m) and store in an array jt[l . . m]. The array n allows 
us to compute the transition function S efficiently (in an amortized sense) "on the 
fly" as needed. Loosely speaking, for any state q = 0, 1, ... ,m and any character 
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a € S, the value n[q] contains the information we need to compute 8(q,a) but 
that does not depend on a. Since the array n has only m entries, whereas 8 has 
^\ <d(m | S|) entries, we save a factor of | S| in the preprocessing time by computing n 
v"rafher than 8. 

Thej>refix function for a pattern 

The pfQfo function jt for a pattern encapsulates knowledge about how the pat- 
tern maiengs against shifts of itself. We can take advantage of this information to 
avoid testi«g useless shifts in the naive pattern-matching algorithm and to avoid 
precomputihg the full transition function 8 for a string-matching automaton. 

Consider thtj^bperation of the naive string matcher. Figure 32.10(a) shows a 
particular shift xjkji template containing the pattern P = ababaca against a 
text T. For this ej^mple, q = 5 of the characters have matched successfully, but 
the 6th pattern chamber fails to match the corresponding text character. The infor- 
mation that q charactex^Siave matched successfully determines the corresponding 
text characters. Knowing^these q text characters allows us to determine immedi- 
ately that certain shifts are <rfrValid. In the example of the figure, the shift 5 + 1 is 
necessarily invalid, since the i(5^t pattern character (a) would be aligned with a text 
character that we know does not match the first pattern character, but does match 
the second pattern character (b). 3^ shift s' = s + 2 shown in part (b) of the fig- 
ure, however, aligns the first three patten characters with three text characters that 
must necessarily match. In general, ir i^useful to know the answer to the following 
question: ^ 

Given that pattern characters P [1 . . gjn^bch text characters T[s + 1 . . s+q], 
what is the least shift s' > s such that for^^jne k < q, 

P[l..k] = T[s' + \..s' + k] , (32.6) 

where s' + k = s + ql • 

In other words, knowing that P q □ T s+q , we want fhe^longest proper prefix P^ 
of P q that is also a suffix of T s+q . (Since s' + k = >pk q, if we are given s 
and q, then finding the smallest shift s' is tantamount to finding the longest prefix 
length k.) We add the difference q — k in the lengths of these prefixes of P to the 
shift s to arrive at our new shift s' , so that s' = s + (q — k). In the best case, k = 0, 
so that s' = s + q, and we immediately rule out shifts s + 1, s + 2, . . . , s + q — 1. 
In any case, at the new shift s' we don't need to compare the first k characters of P 
with the corresponding characters of T, since equation (32.6) guarantees that they 
match. 

We can precompute the necessary information by comparing the pattern against 
itself, as Figure 32.10(c) demonstrates. Since T[s' + 1 . . s' + k] is part of the 
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Figure 32.10 The prefix function jr. (a) Tk^ pattern P = ababaca aligns with a text T so that 
the first q = 5 characters match. Matching characters, shown shaded, are connected by vertical lines, 
(b) Using only our knowledge of the 5 matcften characters, we can deduce that a shift of s + 1 is 
invalid, but that a shift of s' = s +2 is consistent everything we know about the text and therefore 
is potentially valid, (c) We can precompute useful lriftJvmation for such deductions by comparing the 
pattern with itself. Here, we see that the longest pre&x ef P that is also a proper suffix of P5 is P3. 
We represent this precomputed information in the arrajwr^o that jt[5] = 3. Given that q characters 
have matched successfully at shift s, the next potentially<C^ilj)l shift is at .?' = s + (q — 7t[q]) as shown 
in part (b). 

known portion of the text, it is a suffix of the string Pq% Therefore, we can interpret 
equation (32.6) as asking for the greatest k < q such tha^HPfc □ P q - Then, the new 
shift s' = s + (q — k ) is the next potentially valid shift. We(w)ll find it convenient to 
store, for each value of q, the number k of matching charact^A at the new shift s', 
rather than storing, say, s' — s. 

We formalize the information that we precompute as follows. Given a pattern 
P [1 . . m], the prefix function for the pattern P is the function n : { 1 , 2, . . . , m} — > 
{0, 1, . . . ,m — 1} such that 

7t[q] = max{k : k < q and P k □ P q } . 

That is, n[q] is the length of the longest prefix of P that is a proper suffix of P q . 
Figure 32.1 1(a) gives the complete prefix function n for the pattern ababaca. 
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Figure 32.11 An i^jfctration of Lemma 32.5 for the pattern P = ababaca and q = 5. (a) The n 
function for the given ,pa\tern. Since n[5] = 3, n[3] = 1, and = 0, by iterating n we obtain 
it* [5] = {3, 1,0}. (b) We sljde the template containing the pattern P to the right and note when some 
prefix Pyt °f P matches up wjth some proper suffix of Ps; we get matches when k = 3, 1, and 0. In 
the figure, the first row give^F, and the dotted vertical line is drawn just after P5. Successive rows 
show all the shifts of P that cM^e some prefix i\ of P to match some suffix of P5. Successfully 
matched characters are shown shaoed. Vertical lines connect aligned matching characters. Thus, 



{k : k < 5 and P k □ P 5 } 
for all q. 



{3, r;0^^Lemma 32.5 claims that Jt*[q] 



{k : k < q and P k □ P„} 



The pseudocode below gives the Knuth-Morris-Pratt matching algorithm as 
the procedure KMP-Matcher. For the most part, the procedure follows from 
Finite-Automaton-Matcher, as Wshall see. KMP-Matcher calls the aux- 
iliary procedure COMPUTE-PREFlx-FujsgTlON to compute n. 

<3\ 



KMP-Matcher (T, P) 

1 
2 
3 
4 
5 
6 
7 



<6 



o 



9 
10 
11 
12 



77 = T. length 
m = P. length 

n = Compute-Prefix-Function(P) 

q = 0 

for i = 1 to n 

while q > 0 and P[q + 1] ^ T[i] 

q = 7t[q] 
\fP[q+ 1] ==T[i] 

q = q + 1 
if q == m 

print "Pattern occurs with shift" i — m 

q = it [q] II look for the next match 



6 

// nu of characters matched 
// scan t©text from left to right 

// next character does not match 

// next character matches 
// is all of P matched? 



Chapter 32 String Matching 



Compute-Prefix -Function (P) 

1 m = P. length 

let ti[\ . . m] be a new array 
*f jt[1] = 0 
4C^.= 0 

5 4m q = 2 to m 

6 £>hile k>0mdP[k + l]^ P[q] 

7 (S) fc = n[k] 

8 ff^ + l]==P[^] 

9 \fc>?= k + 1 

10 ^rvf 

1 1 return it 

These two procedure^shave much in common, because both match a string against 
the pattern P: KMP-MA>PCHER matches the text T against P, and COMPUTE - 
Prefix-Function matches. P against itself. 

We begin with an analyst of the running times of these procedures. Proving 
these procedures correct will<Qe more complicated. 

Running-time analysis • > 

o , 

The running time of Compute-Preeix^Function is ®(m), which we show by 
using the aggregate method of amortiz^analysis (see Section 17.1). The only 
tricky part is showing that the while loop-lines 6-7 executes 0(m) times alto- 
gether. We shall show that it makes at m6mSj«v— 1 iterations. We start by making 
some observations about k. First, line 4 startsU: at 0, and the only way that k 
increases is by the increment operation in line ^rvwhich executes at most once per 
iteration of the for loop of lines 5-10. Thus, the tota^kicrease in k is at most m — \. 
Second, since k < q upon entering the for loop ana each iteration of the loop in- 
crements q, we always have k < q. Therefore, the assignments in lines 3 and 10 
ensure that 7i[q] < q for all q = 1,2, ... ,m, which means that each iteration of 
the while loop decreases k. Third, k never becomes negatb^. Putting these facts 
together, we see that the total decrease in k from the while iafop is bounded from 
above by the total increase in k over all iterations of the for loop, which is m — 1. 
Thus, the while loop iterates at most m — 1 times in all, and Compute-Prefix- 
FUNCTION runs in time &(m). 

Exercise 32.4-4 asks you to show, by a similar aggregate analysis, that the match- 
ing time of KMP-MATCHER is ®(n). 

Compared with Finite- Automaton-Matcher, by using n rather than 8, we 
have reduced the time for preprocessing the pattern from 0(m \ S|) to 0(m), while 
keeping the actual matching time bounded by 0(«). 
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Correctness of the prefix-function computation 

We shall see a little later that the prefix function tv helps us simulate the transition 
nction 8 in a string-matching automaton. But first, we need to prove that the 
rqcedure Compute-Prefix-Function does indeed compute the prefix func- 
tren^torrectly. In order to do so, we will need to find all prefixes P k that are proper 
surtaxes of a given prefix P q . The value of n [q] gives us the longest such prefix, but 
the foirowing lemma, illustrated in Figure 32.11, shows that by iterating the prefix 
functio^^, we can indeed enumerate all the prefixes P k that are proper suffixes 
ofP 9 . LeV 



n^q] = {n^ (2) [q],7t^[q],...,7t^[q]}, 

where Tt^[q] is^^fined in terms of functional iteration, so that 7r (0) [^] = q and 
tt^[#] = for i > 1, and where the sequence in n*[q] stops upon 

reaching ir^lq] = CL>' 

Lemma 32.5 (Prefix-function iteration lemma) 

Let P be a pattern of lengma^ with prefix function it. Then, for q = 1,2, ... ,m, 
we have n*[q] = {k : k <q a^id P k □ P q }. 

Proof We first prove that 7z*[cfl c^k : k < q and P k □ P q } or, equivalently, 
i en*[q] implies P { □ P q . \/ ( 32 - 7 ) 

If i e then i = n^[q\ for s©e u > 0. We prove equation (32.7) by 

induction on u. For u = 1, we have i ^^[q], and the claim follows since i < q 
and P n [ q ] □ Pq by the definition of n. Usii^the relations n[i] < i and P n [i\ □ P, 
and the transitivity of < and □ establishes t^^laim for all i in 7T*[g]. Therefore, 
7t*[q] C {k : k < q and P k □ P q }. Q 

We now prove that {k : k < q and P k □ P q } ^n*[q\ by contradiction. Sup- 
pose to the contrary that the set {k : k < q and P^ □ P q } — n*[q] is nonempty, 
and let j be the largest number in the set. Because/wJg] is the largest value in 
{k : k < q and P k □ P q } and 7r[q] 6 7T*[#], we musrhave j < n[q], and so we 
let j' denote the smallest integer in n*[q] that is greater^Wi j . (We can choose 
j ' = 7t [q] if no other number in it * [q] is greater than j .) Werhave Pj □ P q because 
j € {k : k < q and P k □ P q }, and from j' 6 n*[q] and equation (32.7), we have 
Pj' □ P q . Thus, Pj □ Pji by Lemma 32.1, and j is the largest value less than j' 
with this property. Therefore, we must have n[j'] = j and, since j' € n*[q], we 
must have j e n*[q\ as well. This contradiction proves the lemma. ■ 

The algorithm Compute-Prefix-Function computes 7t[q], in order, for q = 
1, 2, . . . , m. Setting tz[\] to 0 in line 3 of Compute-Prefix-Function is cer- 
tainly correct, since n[q] < q for all q. We shall use the following lemma and 
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its corollary to prove that Compute-Prefix-Function computes 7i[q] correctly 
for q > 1. 

{%mma 32.6 

Le^ 5 be a pattern of length m, and let n be the prefix function for P. For q = 
1, 2*y^,m, if tt[<7] > 0, then 7r[g] — 1 e n*[q — 1]. 

Proof M^et r = 7T [#] > 0, so that r < q and P r n P q ; thus, r — 1 < ^ — 1 and 
P r _! □ jPYj (by dropping the last character from P r and P q , which we can do 
because r ;vt)}.. By Lemma 32.5, therefore, r — 1 € 7t*[q — 1]. Thus, we have 
jrfa]- 1 = rVle n*[q - 1]. ■ 

For # = 2, 3, . define the subset E q -\ <^n*[q — 1] by 
={ke n*[q £\j.P[k + 1] = 

= {k :k < q - Yar^ P fe □ and P[/e + 1] = P[q]} (by Lemma 32.5) 
= {k : k < q - 1 ah^P* +1 □ P,} . 

The set is^-i consists of the values k < q — 1 for which P^ □ and for which, 
because P[k + 1] = P[q], w^jave Pk+i □ P q - Thus, £^-1 consists of those 
values k e n*[q — I] such that we can extend P^ to Pu+i and get a proper suffix 
oiP q . 

Corollary 32.7 \ _ 

Let P be a pattern of length 777, and letS^he the prefix function for P. For q = 
2,3,..., m, vP" 

'0 if£,_ 1 = ^ 

1 + max{/: e if ^ 0 . p) 

Proof If is empty, there is no k e n*[q — 1] including /c = 0) for which 
we can extend P k to Pk+i and get a proper suffix of P q (Therefore ?r[g] = 0. 

If E q _i is nonempty, then for each k e E q -i we have /c < g and □ P q . 
Therefore, from the definition of 7t[q], we have 

7t[q] > 1 + max{/c 6 E^} . (32.8) 

Note that jz[q] > 0. Let r = n[q] — 1, so that r + 1 = n[q\ and there- 
fore P r+ i □ P 9 . Since r + 1 > 0, we have P[r + 1] = P[g]. Furthermore, 
by Lemma 32.6, we have r 6 n*[q — 1]. Therefore, r e and so r < 

max {/c 6 E q _i } or, equivalently, 

7r[^] < 1 + max{/c e Eq-i} . (32.9) 
Combining equations (32.8) and (32.9) completes the proof. ■ 



7t[q] 
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We now finish the proof that Compute-Prefix-Function computes it cor- 
rectly. In the procedure Compute-Prefix-Function, at the start of each iter- 
^\ ation of the for loop of lines 5-10, we have that k = n[q — 1]. This condition 
enforced by lines 3 and 4 when the loop is first entered, and it remains true in 
^a£h successive iteration because of line 10. Lines 6-9 adjust k so that it becomes 
the<^rrect value of n[q\. The while loop of lines 6-7 searches through all values 
k £jp\{q — 1] until it finds a value of k for which P [k + 1] = P [q] \ at that point, 
k is tne^argest value in the set E q -\, so that, by Corollary 32.7, we can set n[q] 
to k + lV^&the while loop cannot find a k e n*[q — 1] such that P [k + 1] = P [q], 
then k equmsvO at line 8. If P [1] = P [q], then we should set both k and n[q] to 1; 
otherwise we should leave k alone and set n[q] to 0. Lines 8-10 set k and jz[q] 
correctly in eitherxase. This completes our proof of the correctness of COMPUTE - 
Prefix-FunctIoNv 

Correctness of the Rnj^h-Morris-Pratt algorithm 

We can think of the pro^dure KMP-Matcher as a reimplemented version of 
the procedure Finite-Aut^maton-Matcher, but using the prefix function n 
to compute state transitions, ^^cifically, we shall prove that in the zth iteration of 
the for loops of both KMP-Matcher and Finite- Automaton-Matcher, the 
state q has the same value when attest for equality with m (at line 10 in KMP- 
Matcher and at line 5 in Finite^&utomaton-Matcher). Once we have 
argued that KMP-Matcher simulates, the behavior of Finite- Automaton- 
Matcher, the correctness of KMP-M>¥CCHER follows from the correctness of 
Finite-Automaton-Matcher (thougffwe shall see a little later why line 12 in 
KMP-Matcher is necessary). >K 

Before we formally prove that KMP-Mwfcher correctly simulates FlNlTE- 
AuTOMATON-M ATCHER, let's take a moment Wunderstand how the prefix func- 
tion 7T replaces the 8 transition function. Recyi that when a string-matching 
automaton is in state q and it scans a character » = T[i], it moves to a new 
state 8(q,a). If a = P[q + 1], so that a continue^tfe match the pattern, then 
8(q,a) = q + 1. Otherwise, a ^ P[q + 1], so that a d@s not continue to match 
the pattern, and 0 < 8(q,a) < q. In the first case, whe10> continues to match, 
KMP-Matcher moves to state q + 1 without referring to the n function: the 
while loop test in line 6 comes up false the first time, the test in line 8 comes up 
true, and line 9 increments q. 

The n function comes into play when the character a does not continue to match 
the pattern, so that the new state 8(q, a) is either q or to the left of q along the spine 
of the automaton. The while loop of lines 6-7 in KMP-Matcher iterates through 
the states in tt*[^], stopping either when it arrives in a state, say q' , such that a 
matches P[q' + 1] or q' has gone all the way down to 0. If a matches P[q' + 1], 
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then line 9 sets the new state to q' + 1, which should equal 8 (q, a) for the simulation 
to work correctly. In other words, the new state 8(q,a) should be either state 0 or 
•^frne greater than some state in *[<?]. 
v^et's look at the example in Figures 32.7 and 32.11, which are for the pattern 
Pc$) ababaca. Suppose that the automaton is in state q = 5; the states in 
^■*[^M-e, in descending order, 3, 1, and 0. If the next character scanned is c, then 
we cau^asily see that the automaton moves to state 8(5, c) = 6 in both FlNlTE- 
Automa^©n-Matcher and KMP-Matcher. Now suppose that the next char- 
acter scanheeLis instead b, so that the automaton should move to state 8(5, b) = 4. 
The while l<sop>ki KMP-Matcher exits having executed line 7 once, and it ar- 
rives in state Vjs= jt[5] = 3. Since P[q' + 1] = P[4] = b, the test in line 8 
comes up true, a»d KMP-Matcher moves to the new state q' + 1 = 4 = 8(5, b). 
Finally, suppose thattfie next character scanned is instead a, so that the automa- 
ton should move to state J>(5, a) = 1. The first three times that the test in line 6 
executes, the test comb? up true. The first time, we find that ?[6] = c / a, and 
KMP-Matcher movesCfo state jz[5] = 3 (the first state in ;r*[5]). The second 
time, we find that P[4] =(p > ^ a and move to state ;r[3] = 1 (the second state 
in tt*[5]). The third time, we<mid that P[2] = b ^ a and move to state tt[1] = 0 
(the last state in ^*[5]). The wK^)e loop exits once it arrives in state q' = 0. Now, 
line 8 finds that P [q' + 1] = P [1],= a, and line 9 moves the automaton to the new 
state q' + 1 = I = 8(5, a). vQ 

Thus, our intuition is that KMP-Matcher iterates through the states in n* [q] in 
decreasing order, stopping at some state ^y.nd then possibly moving to state q' + l. 
Although that might seem like a lot of work just to simulate computing 8(q,a), 
bear in mind that asymptotically, KMPm5LWcher is no slower than FlNlTE- 
Automaton-Matcher. Js\ 

We are now ready to formally prove the correctness of the Knuth-Morris-Pratt 
algorithm. By Theorem 32.4, we have that q = Cr\Ed after each time we execute 
line 4 of Finite- Automaton-Matcher. Therefore, it suffices to show that the 
same property holds with regard to the for loop in KMP-Matcher. The proof 
proceeds by induction on the number of loop iterations.Cjnitially, both procedures 
set q to 0 as they enter their respective for loops for the nwrime. Consider itera- 
tion i of the for loop in KMP-Matcher, and let q' be state aphe start of this loop 
iteration. By the inductive hypothesis, we have q' = a(Ti_i). We need to show 
that q = a(Tj) at line 10. (Again, we shall handle line 12 separately.) 

When we consider the character T[i], the longest prefix of P that is a suffix of T t 
is either P 9 >+i (if P[q' + 1] = T[i]) or some prefix (not necessarily proper, and 
possibly empty) of P q >. We consider separately the three cases in which a (T) ) = 0, 
a(T t ) = q' + 1, and 0 < a(T t ) < q'. 
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• If a(Tj ) = 0, then P 0 = s is the only prefix of P that is a suffix of 7} . The while 
loop of lines 6-7 iterates through the values in 7T*[^'], but although P q □ 7} for 
every q £ tt* the loop never finds a q such that P[q + 1] = T[i]. The loop 
terminates when q reaches 0, and of course line 9 does not execute. Therefore, 

Q^fl = 0 at line 10, so that q = ct(7)). 

• ^a(Ti) = q' + 1, then P[q' + 1] = T[i], and the while loop test in line 6 

fa^) the first time through. Line 9 executes, incrementing q so that afterward 
we KjS^e q = q' + 1 = cr(T)). 

• If 0 <Cb{Ti) < q', then the while loop of lines 6-7 iterates at least once, 
checking^n decreasing order each value q € 7t*[q'] until it stops at some q < q' . 
Thus, P q i&jSe longest prefix of P q i for which P [q+ 1] = T[i], so that when the 
while loop td^inates, q + 1 = a(P 9 '7'[/]). Since q' = a(T , ,_ 1 ), Lemma 32.3 
implies that a(^S 1 7 , [/]) = o(P q >T[i]). Thus, we have 

3 + 1 = o(pirM) 

= aiT^rm 

when the while loop termites. After line 9 increments q, we have q = a{Ti). 

Line 12 is necessary in KMP-^^TCHER, because otherwise, we might refer- 
ence P[m + 1] on line 6 after finduig^an occurrence of P. (The argument that 
q = o(Tj-i) upon the next execution^ line 6 remains valid by the hint given in 
Exercise 32.4-8: 8(m,a) — S(7i[m],a) 0r\equivalently, a(Pa) = a(P n [ m ]Ci) for 
any a € E.) The remaining argumentMorrtiie correctness of the Knuth-Moms- 
Pratt algorithm follows from the correctnesVp#J J lNlTE-AuTOMATON-MATCHER, 
since we have shown that KMP-MATCHER^imulates the behavior of FlNlTE- 
Automaton-Matcher. ^ 

Exercises * ^ 

32.4-1 O, 

Compute the prefix function ji for the pattern ababbabbapbababbabb. 

32.4-2 

Give an upper bound on the size of n*[q] as a function of q. Give an example to 
show that your bound is tight. 

32.4-3 

Explain how to determine the occurrences of pattern P in the text T by examining 
the 7t function for the string P T (the string of length m+n that is the concatenation 
of P and T). 
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^> 
^ 32.4-4 

, Use an aggregate analysis to show that the running time of KMP-MATCHER 

Usea^aptential function to show that the running time of KMP-Matcher is &(n). 
32.4-6 ($> 

Show ho\l^b improve KMP-MATCHER by replacing the occurrence of n in line 7 
(but not lin^^2) by n' , where n' is defined recursively for q = 1,2, . . . , m — 1 by 
the equation 

(0 V ?r V if J rb] = 0, 
jr'fe] = J 7z'[n[q]f^t7t[q] ^ 0 and P[jrfa] + 1] = P[q + 1] , 
tt[ ? ] ^ 0 and Pfrfer] + 1] # Pfe + 1] . 

Explain why the modified algorithm is correct, and explain in what sense this 
change constitutes an improvement. 



32.4-7 0 

Give a linear-time algorithm to determine whether a text T is a cyclic rotation of 
another string T'. For example, ar^ihid car are cyclic rotations of each other. 

32.4-8 * N y> 

Give an 0(m |S|)-time algorithm for corftputing the transition function 8 for the 




string-matching automaton correspondingv-to a given pattern P . (Hint: Prove that 
8(q,a) = 8(7i[q],a) if q = m or P[q + 1] 



Problems 



32 -i String matching based on repetition factors Q 

Let _y' denote the concatenation of string j with itself ; v ^aes. For example, 
(ab) 3 = ababab. We say that a string x € S* has repetition factor r if x = y r 
for some string jeE* and some r > 0. Let p(x) denote the largest r such that x 
has repetition factor r. 



a. Give an efficient algorithm that takes as input a pattern P[l . . m] and computes 
the value p(P ; ) for i = 1,2,..., m. What is the running time of your algo- 
rithm? 
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b. For any pattern P [1 . . m], let p*(P) be defined as maxi<,<„, p(P, ■). Prove that if 
, the pattern P is chosen randomly from the set of all binary strings of length m, 

\Q then the expected value of p*(P) is 0(1). 

V 

\v\Argue that the following string-matching algorithm correctly finds all occur- 
\^ices of pattern P in a text T[l . . n] in time 0(p*(P)n + m): 

S 

Rei^jition-Matcher(P, T) 
1 fld^= P. length 
1 n ^^T. length 

3 fr p*(P) 

4 q = 0\C\ 

5 5 = 0 y\ 

6 while 5 < n ->m 

7 ifr[5-iWi]==p[ 9 + i] 

8 ^ = 

9 if q==hfx 

10 print ^Pattern occurs with shift" s 

11 if<?==mor:r[.yCp4 + 1] ^ P[q + 1] 

12 5 = 5 + max(4j>/£"|) 

13 q = 0 \_3 v 

This algorithm is due to Galil andVSeiferas. By extending these ideas greatly, 
they obtained a linear- time string-ma^Sing algorithm that uses only 0(1) stor- 
age beyond what is required for P and^6^ 

* 



Chapter notes 



The relation of string matching to the theory of finite mitomata is discussed by 
Aho, Hopcroft, and Ullman [5]. The Knuth-Morris-Prata algorithm [214] was 
invented independently by Knuth and Pratt and by Morrifip they published their 
work jointly. Reingold, Urban, and Gries [294] give an alternative treatment of the 
Knuth-Morris-Pratt algorithm. The Rabin-Karp algorithm was proposed by Karp 
and Rabin [201]. Galil and Seiferas [126] give an interesting deterministic linear- 
time string-matching algorithm that uses only 0(1) space beyond that required to 
store the pattern and text. 
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Computational geometry is the branch of computer science that studies algorithms 
for solving geometripKproblems. In modern engineering and mathematics, com- 
putational geometry nas>applications in such diverse fields as computer graphics, 
robotics, VLSI design^ computer-aided design, molecular modeling, metallurgy, 
manufacturing, textile layout, forestry, and statistics. The input to a computational- 
geometry problem is typicaHy>a description of a set of geometric objects, such as 
a set of points, a set of line segments, or the vertices of a polygon in counterclock- 
wise order. The output is oftenOa response to a queiy about the objects, such as 
whether any of the lines intersect* orperhaps a new geometric object, such as the 
convex hull (smallest enclosing coriygx polygon) of the set of points. 

In this chapter, we look at a few ^omputational-geometry algorithms in two 
dimensions, that is, in the plane. We@present each input object by a set of 
points {/?!, p 2 , p3, . . .}, where each /?, ^X*, , _y,) and x ( , y, S R. For exam- 
ple, we represent an ^-vertex polygon P bj^i sequence (p 0 , p lt p 2 , . . . , p n -\) 
of its vertices in order of their appearance on < 4^ boundary of P . Computational 
geometry can also apply to three dimensions, and^yen higher-dimensional spaces, 
but such problems and their solutions can be very^fficult to visualize. Even in 
two dimensions, however, we can see a good sample of computational-geometry 
techniques. ^-n 

Section 33.1 shows how to answer basic questions Ntbeut line segments effi- 
ciently and accurately: whether one segment is clockwrs^or counterclockwise 
from another that shares an endpoint, which way we turn^^vhen traversing two 
adjoining line segments, and whether two line segments intersect. Section 33.2 
presents a technique called "sweeping" that we use to develop an 0(n lg«)-time 
algorithm for determining whether a set of n line segments contains any inter- 
sections. Section 33.3 gives two "rotational-sweep" algorithms that compute the 
convex hull (smallest enclosing convex polygon) of a set of n points: Graham's 
scan, which runs in time 0(n lg«), and Jarvis's march, which takes O(nh) time, 
where h is the number of vertices of the convex hull. Finally, Section 33.4 gives 
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an 0(n lg«)-time divide-and-conquer algorithm for finding the closest pah - of 
, points in a set of n points in the plane. 

^ 

33.1 Line-se^^nt properties 

Sevei^of the computational-geometry algorithms in this chapter require answers 
to ques^sjhs about the properties of line segments. A convex combination of two 
distinct points p x = (x\,yi) and p 2 = {xi, yi) is any point p 3 = (^3,^3) such 
that for some^a in the range 0 < a < 1, we have x 3 = ax\ + (1 — a)x 2 and 
y 3 = ay i + a)y 2 . We also write that p 3 = up x + (1 — a)p 2 . Intuitively, p 3 
is any point matron the line passing through p 1 and p 2 and is on or between p x 
and p 2 on the line^jiven two distinct points p x and p 2 , the line segment p\p 2 
is the set of convex combinations of p\ and p 2 . We call p x and p 2 the endpoints 
of segment p x p 2 . Sorne^mes the ordering of p\ and p 2 matters, and we speak of 
the directed segment pip}?. If p\ is the origin (0, 0), then we can treat the directed 
segment p\p\ as the vector s^. 

In this section, we shall explore the following questions: 



1. Given two directed segment peyp\ and poPi, is Pop\ clockwise from pop 2 
with respect to their common i^Kjpoint p 0 l 

2. Given two line segments p 0 pi i^V\p 2 , if we traverse p 0 pi and then pip 2 , 
do we make a left turn at point p\"\J 



3. Do line segments pip 2 and p 3 p 4 inte?S^? 

There are no restrictions on the given points^^) 

We can answer each question in 0(1) time, (which should come as no surprise 
since the input size of each question is 0(1). Mo^Sver, our methods use only ad- 
ditions, subtractions, multiplications, and comparisons. We need neither division 
nor trigonometric functions, both of which can be co^TpjUtationally expensive and 
prone to problems with round-off error. For example, the^traightforward" method 
of determining whether two segments intersect— compute^jjve line equation of the 
form y = mx + b for each segment (m is the slope and'o is the y -intercept), 
find the point of intersection of the lines, and check whether this point is on both 
segments— uses division to find the point of intersection. When the segments are 
nearly parallel, this method is very sensitive to the precision of the division opera- 
tion on real computers. The method in this section, which avoids division, is much 
more accurate. 
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P1 + P2 





Figure 33.1 (sJ^Thg 
(b) The lightly shafe 



cross product of vectors p\ and P2 is the signed area of the parallelogram, 
^region contains vectors that are clockwise from p. The darkly shaded region 
contains vectors that arfVounterclockwise from p. 

Cross products \S 

Computing cross products lies at the heart of our line-segment methods. Consider 
vectors pi and p 2 , shown M^igure 33.1(a). We can inteipret the cross product 
PiX p 2 as the signed area of meuDarallelogram formed by the points (0, 0), p\, p 2 , 
and Pi+ p 2 = (xi +x 2 ,yi + yzj. An equivalent, but more useful, definition gives 
the cross product as the determinant of a matrix: 1 

\ 

If pi x p 2 is positive, then pi is clockwise frorrr^iwith respect to the origin (0, 0); 
if this cross product is negative, then p x is countsrelockwise from p 2 . (See Exer- 
cise 33.1-1.) Figure 33.1(b) shows the clockwisewd counterclockwise regions 
relative to a vector p. A boundary condition arises if Ihe cross product is 0; in this 
case, the vectors are colinear, pointing in either the sarrf^V opposite directions. 
To determine whether a directed segment p 0 p\ is c@er to a directed seg- 



pi x p 2 



det 



(xi x 2 \ 



Xi x 2 

xiy 2 -x 2 yi 
-Pi x Pi . 



ment p 0 p 2 in a clockwise direction or in a counterclockwise^OTjrection with respect 
to their common endpoint p 0 , we simply translate to use p 0 as the origin. That 
is, we let p x — p 0 denote the vector p\ = {x' l ,y' l ), where x\ = Xi — x 0 and 
yi — y 0 , and we define p 2 — p 0 similarly. We then compute the cross product 



Actually, the cross product is a three-dimensional concept. It is a vector that is perpendicular to 
both pi and p 2 according to the "right-hand rule" and whose magnitude is \xiy 2 — x 2 yi \. In this 
chapter, however, we find it convenient to treat the cross product simply as the value xiy 2 — x 2 yi. 
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counterclockwise 

V 

^ Po 





Figure 3:0* .Using the cross product to determine how consecutive line segments poPl and p\pi 
turn at poirff^i. We check whether the directed segment po pi is clockwise or counterclockwise 
relative to thevxjjrected segment pop\. (a) If counterclockwise, the points make a left turn, (b) If 
clockwise, they mtflce a right turn. 



(pi - Po) x (pi -(Po) = (*i - xo)(yi - yo) - (x 2 - *o)(yi - yo) ■ 

If this cross productN^npsitive, then p 0 p\ is clockwise from poPi', if negative, it 
is counterclockwise. C » 

Determining whether consecutive segments turn left or right 

Our next question is whether t\^o consecutive line segments ~p~oP\ and p\ p 2 turn 
left or right at point p 1 . Equivalent™ we want a method to determine which way a 
given angle /Lp 0 pip 2 turns. Cross products allow us to answer this question with- 
out computing the angle. As Figure 53/2>^hows, we simply check whether directed 
segment pop\ is clockwise or counterclockwise relative to directed segment p 0 p\ . 
To do so, we compute the cross produferf»o — p 0 ) x (pi — p 0 ). If the sign of 
this cross product is negative, then pop\ is cmaiterclockwise with respect to p 0 p\ , 
and thus we make a left turn at p\. A positive-cEC'SS product indicates a clockwise 
orientation and a right turn. A cross product of tMpeans that points po, P\, and p 2 
are colinear. v 

• 

Determtatag whether t w„ line se^ts inte rsec« O 

To determine whether two line segments intersect, we chec^/hether each segment 
straddles the line containing the other. A segment p~Tp~2 straddles a line if point pi 
lies on one side of the line and point p 2 lies on the other side. A boundary case 
arises if p x or p 2 lies directly on the line. Two line segments intersect if and only 
if either (or both) of the following conditions holds: 

1 . Each segment straddles the line containing the other. 

2. An endpoint of one segment lies on the other segment. (This condition comes 
from the boundary case.) 
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The following procedures implement this idea. Segments -Intersect returns 
TRUE if segments p~\ r p 2 and p 3 pn intersect and FALSE if they do not. It calls 
•^Ihe subroutines DIRECTION, which computes relative orientations using the cross- 
fifoduct method above, and On-Segment, which determines whether a point 
kn^jn to be colinear with a segment lies on that segment. 




SegM^ts-Intersect(/> 1 , p 2 , Pi. Pa) 

1 d 1 ^rRECTION^,^,^) 

2 d 2 =J2iRECT10N(p 3 , p 4 , p 2 ) 

3 d 3 = Dm^CTiON^x, p 2 ,p 3 ) 

4 d 4 = Dirf>i&tion(/>i , p 2 , p 4 ) 

5 if ((di > 0 wi<kd 2 < 0) or (d\ < 0 and d 2 > 0)) and 

((d 3 > (fWfi? 4 < 0) or (d 3 < 0 and d 4 > 0)) 

6 return true . , 

7 elseif d x == 0 and^D>^-SEGMENT(/>3, p 4 , p\) 

8 return TRUE C . 

9 elseif d 2 ==0 and ON^rfeGMENT (p 3 , p 4 , p 2 ) 

10 return TRUE O 

11 elseif d 3 == 0 and On-Se^ent^, p 2 , p 3 ) 

12 return TRUE • » 

13 elseif d 4 == 0 and On-Segme^t)(/?i, p 2 , p 4 ) 

14 return true 

15 else return false Q 

Direction ( Pi , Pj , Pk ) \$ 
1 return (p k - p { ) x (pj - p t ) 

On-Segment^,,^,^) 

1 if min(x, ,Xj) < x k < max(x, , xj) and min(j, , < y k < max(j,- , yj) 

2 return TRUE s-\ 

3 else return false 

Segments-Intersect works as follows. Lines l^X confute the relative ori- 
entation d t of each endpoint p, with respect to the other segment. If all the relative 
orientations are nonzero, then we can easily determine whether segments p 1 p 2 
and p 3 p 4 intersect, as follows. Segment pi p 2 straddles the line containing seg- 
ment p 3 p 4 if directed segments p 3 p\ and p 3 p\ have opposite orientations relative 
to PiP4- In this case, the signs of d\ and d 2 differ. Similarly, p 3 p 4 straddles 
the line containing p\p 2 if the signs of d 3 and d 4 differ. If the test of line 5 is 
true, then the segments straddle each other, and Segments -Intersect returns 
TRUE. Figure 33.3(a) shows this case. Otherwise, the segments do not straddle 
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-Pi) X (P4-P3) < 0 _»5* P4 



• Pi 



<5 

(P3-P1) x (P2~P$p 



(P4-P1) X (P2-P1) < 0 



(P2-P3) X (P4-P3) > 0 




(P1-P3) x (P4~P3> < 0 _^»« Pa 

Pi fCT _ / (p 4 -/»i)x(p 2r pi)<0 




P3 



(P2-P3) x (P4-P3) < 0 
(Pj-Pi) x (p 2 -pi) > 0 

(b) 




Figure 33.3 Cases in the procedure SEGMENTS-INTERSECT, (a) The segments P1P2 and P3P4 



products (pj — pi) x (pi — P\) and (^4 — pi) x (/>2 — Pi) differ. Because ~p\P2 straddles the line 
containing pj P4, the signs of the cross poamicts (pi — pj) x (p4 — />3) and (p2 — P3) x (p4 — p$) 
differ, (b) Segment ~pTp~4 straddles the lmc containing pi P2, but ~p~Tp~2 does not straddle the line 
containing ~pyP4- The signs of the cross proHficts (pi — pj) x (p4 — p^) and (p2 — P3) x (p4 — pz) 
are the same, (c) Point pi is colinear with pi /(jjlnd is between pi and />2- (d) Point pj, is colinear 
with P1P2, but it is not between pi and /?2- The ^e^ments do not intersect. 

each other's lines, although a boundary cas^^ty apply. If all the relative orienta- 
tions are nonzero, no boundary case applies. All) the tests against 0 in lines 7-13 
then fail, and Segments-Intersect returns f^Sse in line 15. Figure 33.3(b) 
shows this case. 

A boundary case occurs if any relative orientation diQs^O. Here, we know that pk 
is colinear with the other segment. It is directly on the (Other segment if and only 
if it is between the endpoints of the other segment. The ppeteedure On-Segment 
returns whether pk is between the endpoints of segment pfp], which will be the 
other segment when called in lines 7-13; the procedure assumes that p k is colinear 
with segment ~pTp~j- Figures 33.3(c) and (d) show cases with colinear points. In 
Figure 33.3(c), p 3 is on pip 2 , and so Segments -Intersect returns true in 
line 12. No endpoints are on other segments in Figure 33.3(d), and so Segments- 
Intersect returns FALSE in line 15. 
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Other applications of cross products 



ater sections of this chapter introduce additional uses for cross products. In Sec- 
'tijaft 33.3, we shall need to sort a set of points according to their polar angles with 
r«™ect to a given origin. As Exercise 33.1-3 asks you to show, we can use cross 
proerufits to perform the comparisons in the sorting procedure. In Section 33.2, we 
shall u^ered-black trees to maintain the vertical ordering of a set of line segments. 
Rather ^than keeping explicit key values which we compare to each other in the 
red-black(^ie code, we shall compute a cross-product to determine which of two 
segments tPf^Pintersect a given vertical line is above the other. 

Exercises y 
33.1-1 <A 

Prove that if p\ x p 2 ^p'ositive, then vector p\ is clockwise from vector p 2 with 
respect to the origin (0 ?( C^ and that if this cross product is negative, then p x is 
counterclockwise from Pi (^ 

33.1-2 <^ 

Professor van Pelt proposes thauanly the x -dimension needs to be tested in line 1 
of On-Segment. Show why the professor is wrong. 

O V 

33.1-3 y> 

The polar angle of a point p x with resp^Ctjto an origin point p 0 is the angle of the 
vector pi — p 0 in the usual polar coordinaQsystem. For example, the polar angle 
of (3, 5) with respect to (2, 4) is the angle^attihe vector (1, 1), which is 45 degrees 
or 7i /A radians. The polar angle of (3, 3) witn^fespect to (2, 4) is the angle of the 
vector (1,-1), which is 315 degrees or 7 it/ 4 rarfians. Write pseudocode to sort a 
sequence {p\, p 2 , ■ ■ ■ , p n ) of n points according trni^eir polar angles with respect 
to a given origin point p 0 . Your procedure should take 0(n lg n) time and use cross 
products to compare angles. * 

33.1-4 n 

Show how to determine in 0(n 2 Ign) time whether any thf<??>points in a set of n 
points are colinear. 

33.1-5 

A polygon is a piecewise-linear, closed curve in the plane. That is, it is a curve 
ending on itself that is formed by a sequence of straight-line segments, called the 
sides of the polygon. A point joining two consecutive sides is a vertex of the poly- 
gon. If the polygon is simple, as we shall generally assume, it does not cross itself. 
The set of points in the plane enclosed by a simple polygon forms the interior of 
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the polygon, the set of points on the polygon itself forms its boundary, and the set 
« of points suiTounding the polygon forms its exterior. A simple polygon is convex 
\§\ if, given any two points on its boundary or in its interior, all points on the line 
v-spgrnent drawn between them are contained in the polygon's boundary or interior. 
Atoertex of a convex polygon cannot be expressed as a convex combination of any 
twV^stinct points on the boundary or in the interior of the polygon. 

Pra^sor Amundsen proposes the following method to determine whether a se- 
quence /^8o, Pi, ■ ■ ■ , Pn-i) of n points forms the consecutive vertices of a convex 
polygon> > putput "yes" if the set {Zjo,/?, +1 p i+2 : i = 0, 1, . . . ,n — 1}, where sub- 
script addition 'is performed modulo n, does not contain both left turns and right 
turns; otherwise output "no." Show that although this method runs in linear time, 
it does not always produce the correct answer. Modify the professor's method so 
that it always produces the correct answer in linear time. 

33.1-6 y>' 

Given a point p 0 = (x^yo), the right horizontal ray from p 0 is the set of points 
{pi = (Xj , yi) : x, > x 0 y t — y 0 }, that is, it is the set of points due right of p 0 
along with p 0 itself. Show^w to determine whether a given right horizontal ray 
from p 0 intersects a line segijfi^it p\ p 2 in 0(1) time by reducing the problem to 
that of determining whether two line segments intersect. 

One way to determine whether a pwnt p 0 is in the interior of a simple, but not 
necessarily convex, polygon P is to lo©at any ray from p 0 and check that the ray 
intersects the boundary of P an odd n of times but that p 0 itself is not on 

the boundary of P. Show how to comput6s5n 0(n) time whether a point p 0 is in 
the interior of an « -vertex polygon P. {Hint^^t Exercise 33.1-6. Make sure your 
algorithm is correct when the ray intersects theQjolygon boundary at a vertex and 
when the ray overlaps a side of the polygon.) 

33.1-8 " 

Show how to compute the area of an n -vertex simple, TiMfenot necessarily convex, 
polygon in ®(n) time. (See Exercise 33. 1-5 for definitionVpfertaining to polygons.) 



33.1-7 



nafert 



33.2 Determining whether any pair of segments intersects 

This section presents an algorithm for determining whether any two line segments 
in a set of segments intersect. The algorithm uses a technique known as "sweep- 
ing," which is common to many computational-geometry algorithms. Moreover, as 
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the exercises at the end of this section show, this algorithm, or simple variations of 
it, can help solve other computational-geometry problems. 

The algorithm runs in 0(n lg n) time, where n is the number of segments we are 
•g^en. It determines only whether or not any intersection exists; it does not print 
aflrtfte intersections. (By Exercise 33.2-1, it takes £l(n 2 ) time in the worst case to 
fina^mfhe intersections in a set of n line segments.) 

In sweeping, an imaginary vertical sweep line passes through the given set of 
geometric^sbjects, usually from left to right. We treat the spatial dimension that 
the sweepMitte moves across, in this case the x -dimension, as a dimension of 
time. Sweepm&provides a method for ordering geometric objects, usually by plac- 
ing them into « jknamic data structure, and for taking advantage of relationships 
among them. Theline-segment-intersection algorithm in this section considers all 
the line-segment enapoints in left-to-right order and checks for an intersection each 
time it encounters arCendpoint. 

To describe and prd^e correct our algorithm for determining whether any two 
of n line segments interest, we shall make two simplifying assumptions. First, we 
assume that no input segirlep* is vertical. Second, we assume that no three input 
segments intersect at a single(point. Exercises 33.2-8 and 33.2-9 ask you to show 
that the algorithm is robust eno(Jgh that it needs only a slight modification to work 
even when these assumptions do. not hold. Indeed, removing such simplifying 
assumptions and dealing with bountfaTjy conditions often present the most difficult 
challenges when programming compuMrional-geometry algorithms and proving 
their correctness. Q 

Ordering segments ^\ 

Because we assume that there are no verticais€»ments, we know that any input 
segment intersecting a given vertical sweep line intersects it at a single point. Thus, 
we can order the segments that intersect a vertical sweep line according to the y- 
coordinates of the points of intersection. • 

To be more precise, consider two segments S\ and s 2 . say that these segments 
are comparable at x if the vertical sweep line with x-coord@lte x intersects both of 
them. We say that Si is above s 2 at x, written S\ ^ x s 2 , if Si y £*ipl s 2 are comparable 
at x and the intersection of Si with the sweep line at x is higher than the intersection 
of s 2 with the same sweep line, or if s i and s 2 intersect at the sweep line. In 
Figure 33.4(a), for example, we have the relationships a ^ r c, a ^ t b, b ^ t c, 
a ^ t c, and b ^ u c. Segment d is not comparable with any other segment. 

For any given x, the relation is a total preorder (see Section B.2) for all 
segments that intersect the sweep line at x. That is, the relation is transitive, and 
if segments S\ and s 2 each intersect the sweep line at x, then either S\ ^ x s 2 
or s 2 ^ x Si, or both (if S\ and s 2 intersect at the sweep line). (The relation ^ x is 
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Figure 33.4^the ordering among line segments at various vertical sweep lines, (a) We have a 5= r c, 
a £=f b, b 5=s^, a 5=r c, and 6 ^ u c. Segment d is comparable with no other segment shown, 
(b) When segment^ and / intersect, they reverse their orders: we have e ^ v f but / t= w e. Any 
sweep line (such a^ithat passes through the shaded region has e and / consecutive in the ordering 
given by the relatiorkj^y, 

also reflexive, but netfhex symmetric nor antisymmetric.) The total preorder may 
differ for differing values of x, however, as segments enter and leave the ordering. 
A segment enters the ord£ph2 when its left endpoint is encountered by the sweep, 
and it leaves the ordering w<heh its right endpoint is encountered. 

What happens when the s\^>p line passes through the intersection of two seg- 
ments? As Figure 33.4(b) show^, the segments reverse their positions in the total 
preorder. Sweep lines v and w a^jo the left and right, respectively, of the point 
of intersection of segments e and j(^nd we have e ^ v f and / ^ w e. Note 
that because we assume that no three (Segments intersect at the same point, there 
must be some vertical sweep line x for Much intersecting segments e and / are 
consecutive in the total preorder %= x . Anyisweep line that passes through the shaded 
region of Figure 33.4(b), such as z, has e consecutive in its total preorder. 

Moving the sweep line ^"C^ 

Sweeping algorithms typically manage two sets of data: 

1. The sweep-line status gives the relationships among /the objects that the sweep 
line intersects. 



3, called 



2. The event-point schedule is a sequence of points, called event points, which 
we order from left to right according to their x -coordinates. As the sweep 
progresses from left to right, whenever the sweep line reaches the % -coordinate 
of an event point, the sweep halts, processes the event point, and then resumes. 
Changes to the sweep-line status occur only at event points. 

For some algorithms (the algorithm asked for in Exercise 33.2-7, for example), 
the event-point schedule develops dynamically as the algorithm progresses. The al- 
gorithm at hand, however, determines all the event points before the sweep, based 
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solely on simple properties of the input data. In particular, each segment endpoint 
is an event point. We sort the segment endpoints by increasing x -coordinate and 
•^proceed from left to right. (If two or more endpoints are covertical, i.e., they have 
■tfta same x -coordinate, we break the tie by putting all the covertical left endpoints 
befrtoe the covertical right endpoints. Within a set of covertical left endpoints, we 
putih<5je with lower y -coordinates first, and we do the same within a set of cover- 
tical rigtft) endpoints.) When we encounter a segment's left endpoint, we insert the 
segment" wrtp the sweep-line status, and we delete the segment from the sweep-line 
status upon encountering its right endpoint. Whenever two segments first become 
consecutive tntfie total preorder, we check whether they intersect. 

The sweep-mia status is a total preorder T, for which we require the following 
operations: \§l 

• Insert (7 1 , s): in^M segment 5 into T. 

• Delete (T, s): delbje segment s from T. 

• ABOVE(r, s): return me^segment immediately above segment s in T. 

• Below(T, s): return the s^|ment immediately below segment s in T. 

It is possible for segments s± a® s 2 to be mutually above each other in the total 
preorder T; this situation can occtrr j£si and s 2 intersect at the sweep line whose 
total preorder is given by T. In misuse, the two segments may appear in either 
order in T. *\ 

If the input contains n segments, we c@perform each of the operations INSERT, 
Delete, Above, and Below in 0(lg/^kie using red-black trees. Recall that 
the red-black-tree operations in Chapter 13^§Volve comparing keys. We can re- 
place the key comparisons by comparisons fhat , (u^e cross products to determine the 
relative ordering of two segments (see Exercise 3M-2). 

Segment-intersection pseudocode , 

The following algorithm takes as input a set S of n lirte\ep;ments, returning the 
boolean value TRUE if any pah of segments in S intersecfWWl FALSE otherwise. 
A red-black tree maintains the total preorder T, *P 
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Any-Segments-Intersect(S) 
1 7 = 0 

sort the endpoints of the segments in S from left to right, 
\P breaking ties by putting left endpoints before right endpoints 

C^) . and breaking further ties by putting points with lower 
> 0 y -coordinates first 

3 {S^ each point p in the sorted list of endpoints 

4 (^f p is the left endpoint of a segment s 

5 Insert (T, s) 

6 (ABOVE(r, s) exists and intersects s) 

or (Below (T, s) exists and intersects s) 

7 ^oj-eturn true 

8 if p is me^ght endpoint of a segment s 

9 if both Above (T 1 , s) and Below (7, s) exist 

anff A>^OVE(r, s) intersects BELOW(r,s) 

10 retukiTRUE 

11 DELETE(7Vk. 

12 return FALSE C 

0 

Figure 33.5 illustrates how the algorkhm works. Line 1 initializes the total preorder 
to be empty. Line 2 determines th^e^em-point schedule by sorting the 2n segment 
endpoints from left to right, breakin^ries as described above. One way to perform 
line 2 is by lexicographically sorting tl(fe)endpoints on (x, e, y), where x and y are 
the usual coordinates, e = 0 for a left endBpint, and e = 1 for a right endpoint. 

Each iteration of the for loop of lines processes one event point p. If p is 
the left endpoint of a segment s, line 5 add^^o the total preorder, and lines 6-7 
return TRUE if s intersects either of the segmente>it is consecutive with in the total 
preorder defined by the sweep line passing throWh p. (A boundary condition 
occurs if p lies on another segment s'. In this case, we require only that s and s' 
be placed consecutively into T .) If p is the right endpoint of a segment s, then 
we need to delete s from the total preorder. But firsts pnes 9-10 return TRUE if 
there is an intersection between the segments surroundW^v in the total preorder 
defined by the sweep line passing through p. If these segpifents do not intersect, 
line 11 deletes segment s from the total preorder. If the segments surrounding 
segment s intersect, they would have become consecutive after deleting s had the 
return statement in line 10 not prevented line 1 1 from executing. The correctness 
argument, which follows, will make it clear why it suffices to check the segments 
surrounding s. Finally, if we never find any intersections after having processed 
all 2n event points, line 12 returns FALSE. 
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Figure 33.5 The executioVOf Any-Segments-Intersect. Each dashed line is the sweep line at 
an event point. Except for the ijf^Mmost sweep line, the ordering of segment names below each sweep 
line corresponds to the total preopfbr T at the end of the for loop processing the corresponding event 
point. The rightmost sweep line scents when processing the right endpoint of segment c; because 
segments d and b surround c and intersect each other, the procedure returns TRUE. 

Correctness 



To show that Any-Segments -Intersect is correct, we will prove that the call 
Any-Segments-Intersect^) returrfTjrRUE if and only if there is an intersec- 



rs^iMi 



tion among the segments in S. 

It is easy to see that Any-SegmentsM^ersect returns true (on lines 7 
and 10) only if it finds an intersection between^o of the input segments. Hence, 
if it returns TRUE, there is an intersection. ^ 

We also need to show the converse: that if theTe^ an intersection, then Any- 
Segments -Intersect returns true. Let us suppose that there is at least one 
intersection. Let p be the leftmost intersection point, Breaking ties by choosing the 
point with the lowest y -coordinate, and let a and b be melsegments that intersect 
at p. Since no intersections occur to the left of p, the orders-given by T is correct at 
all points to the left of p. Because no three segments interseepat the same point, a 
and b become consecutive in the total preorder at some sweep line Z- 2 Moreover, 
Z is to the left of p or goes through p. Some segment endpoint q on sweep line z 



2 If we allow three segments to intersect at the same point, there may be an intervening segment c that 
intersects both a and b at point p. That is, we may have a %= w c and c b for all sweep lines w to 
the left of p for which a >? w b. Exercise 33.2-8 asks you to show that ANY-SEGMENTS-lNTERSECT 
is correct even if three segments do intersect at the same point. 
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is the event point at which a and b become consecutive in the total preorder. If p 
is on sweep line z, then q = p. If p is not on sweep line z, then q is to the left 
^\ of p. In either case, the order given by T is correct just before encountering q. 
v^mere is where we use the lexicographic order in which the algorithm processes 
OT^nt points. Because p is the lowest of the leftmost intersection points, even if p 
is off^weep line z and some other intersection point p' is on z, event point q = p 
is praised before the other intersection p' can interfere with the total preorder T. 
Moreo\je<i even if p is the left endpoint of one segment, say a, and the right end- 
point orth*. other segment, say b, because left endpoint events occur before right 
endpoint eVenfs, segment b is in T upon first encountering segment a.) Either event 
point q is processed by Any-Segments-Intersect or it is not processed. 

If q is proc&Ssed by Any-Segments-Intersect, only two possible actions 
may occur: ^ 

1. Either a or b is inserted into T, and the other segment is above or below it in 
the total preorder. Lines 4-7 detect this case. 

2. Segments a and b ar^lready in T, and a segment between them in the total 
preorder is deleted, making a and b become consecutive. Lines 8-11 detect this 
case. 

In either case, we find the intersectigcfr p and Any-Segments -Intersect returns 
true. ^ \ 

If event point q is not processed s ^ANY-SEGMENTS-lNTERSECT, the proce- 
dure must have returned before processiW all event points. This situation could 
have occurred only if Any-Segments^wtersect had already found an inter- 
section and returned TRUE. 

Thus, if there is an intersection, Any-S^6j)ients-Intersect returns true. 
As we have already seen, if Any-Segments-©tersect returns true, there is 
an intersection. Therefore, Any-Segments-Int^sect always returns a correct 
answer. , 

Running time O 



If set S contains n segments, then Any-Segments-Intersect runs in time 
O(nlgn). Line 1 takes 0(1) time. Line 2 takes O(nlgn) time, using merge 
sort or heapsort. The for loop of lines 3-1 1 iterates at most once per event point, 
and so with 2n event points, the loop iterates at most 2n times. Each iteration takes 
0(lg n) time, since each red-black-tree operation takes 0(lg n) time and, using the 
method of Section 33.1, each intersection test takes 0(1) time. The total time is 
thus 0(n lg n). 
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Exercises 



^3.2-1 

£k£)w that a set of n line segments may contain 0(« 2 ) intersections. 

Give'^two segments a and b that are comparable at x, show how to determine 
in me which of a b or b >^ x a holds. Assume that neither segment 

is vertical (Hint: If a and b do not intersect, you can just use cross products. 
If a and & , injtersect— which you can of course determine using only cross prod- 
ucts—you canAtill use only addition, subtraction, and multiplication, avoiding 
division. Of cari^e, in the application of the ip x relation used here, if a and b 
intersect, we can juGfc stop and declare that we have found an intersection.) 

A 

33.2-3 ^ v. 

Professor Mason sugg&sto<-that we modify Any-Segments -Intersect so that 
instead of returning uporsfinding an intersection, it prints the segments that inter- 
sect and continues on to the^Wt iteration of the for loop. The professor calls the 
resulting procedure Print-Intersecting-Segments and claims that it prints 
all intersections, from left to rigl^, as they occur in the set of line segments. Pro- 
fessor Dixon disagrees, claiming 4hat>Professor Mason's idea is incorrect. Which 
professor is right? Will Print-Int@secting-Segments always find the left- 



most intersection first? Will it alwayssfind all the intersections? 
33.2-4 ^ 

Give an 0(»lg«)-time algorithm to defenuHie whether an «-vertex polygon is 
simple. 

33.2-5 0„ 

Give an 0(n lg«)-time algorithm to determine whether two simple polygons with 

• 

;e£Wit 

radius. Two disks intersect if they have any point in commons Give an 0(n Ign)- 
time algorithm to determine whether any two disks in a set of n intersect. 



33.2-6 

A disk consists of a circle plus its interior and is representecCtfeits center point and 



33.2-7 

Given a set of n line segments containing a total of k intersections, show how to 
output all k intersections in 0((n + k) lg ri) time. 
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Argue that Any-Segments-Intersect works correctly even if three or more 
\§\ segments intersect at the same point. 



HWthat Any-Segments -Intersect works correctly in the presence of verti- 
cal segments if we treat the bottom endpoint of a vertical segment as if it were a 
left enapoint and the top endpoint as if it were a right endpoint. How does your 
answer Krgxercise 33.2-2 change if we allow vertical segments? 

v; 



33.3 Finding the convex 



The convex hull of ^£et Q of points, denoted by CH(g), is the smallest convex 
polygon P for which £ach point in Q is either on the boundary of P or in its 
interior. (See Exercise 32^-5 for a precise definition of a convex polygon.) We 
implicitly assume that all p^Knts in the set Q are unique and that Q contains at 
least three points which are not colinear. Intuitively, we can think of each point 
in Q as being a nail sticking out from a board. The convex hull is then the shape 
formed by a tight rubber band tliaLg&rrounds all the nails. Figure 33.6 shows a set 
of points and its convex hull. / 

In this section, we shall present ftvo-algorithms that compute the convex hull 
of a set of n points. Both algorithms~-output the vertices of the convex hull in 
counterclockwise order. The first, knowu2^Graham's scan, runs in 0(n lg n) time. 
The second, called Jarvis's march, runs inWffi/z) time, where h is the number of 
vertices of the convex hull. As Figure 33.6 < illu8trates, every vertex of CH(O) is a 




Figure 33.6 A set of points Q = {po, pi , ■ ■ . , P12} with its convex hull CH(<2) in gray. 
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point in Q. Both algorithms exploit this property, deciding which vertices in Q to 
keep as vertices of the convex hull and which vertices in Q to reject. 
^\ We can compute convex hulls in 0(n lg ri) time by any one of several methods. 
Both Graham's scan and Jarvis's march use a technique called "rotational sweep," 
pr^jskssing vertices in the order of the polar angles they form with a reference 
verre^Other methods include the following: 

• In ^^incremental method, we first sort the points from left to right, yielding a 
seque^e (/>!, p%, ■ ■ ■ , p n ) ■ At the z'fh stage, we update the convex hull of the 
i — 1 leftmost points, CH({/?!, p 2 , . . . , Pi-i}), according to the ith point from 
the left, th^t forming CH({pi, p 2 , ■ ■ ■ , p,})- Exercise 33.3-6 asks you how to 
implement ttf^) method to take a total of 0{n lg«) time. 

• In the divide-cinit-csmquer method, we divide the set of n points in &(n) time 
into two subsets,(one containing the leftmost \n / 2] points and one containing 
the rightmost \ n / 2]<points, recursively compute the convex hulls of the subsets, 
and then, by means a clever method, combine the hulls in 0(n) time. The 
running time is describdS^bv the familial - recurrence T(n) = 2T(n/2) + 0{n), 
and so the divide-and-con^uer method runs in 0(n lg n) time. 



• The prune-and-search methbti is similar to the worst-case linear-time median 
algorithm of Section 9.3. WiththigAnethod, we find the upper portion (or "upper 
chain") of the convex hull by repeatedly throwing out a constant fraction of the 
remaining points until only the upp\r :hain of the convex hull remains. We then 
do the same for the lower chain. Th(^method is asymptotically the fastest: if 
the convex hull contains h vertices, it r^kin only 0(n lg h) time. 

Computing the convex hull of a set of point^J*van interesting problem in its own 
right. Moreover, algorithms for some other compatational-geometry problems start 
by computing a convex hull. Consider, for exampreOhe two-dimensional farthest- 
pair problem: we are given a set of n points in me plane and wish to find the 
two points whose distance from each other is maximflimAs Exercise 33.3-3 asks 
you to prove, these two points must be vertices of the sonvex hull. Although we 
won't prove it here, we can find the farthest pair of verticss-of an n -vertex convex 
polygon in 0(n) time. Thus, by computing the convex hultw the n input points 
in 0(n lg n) time and then finding the farthest pair of the resulting convex-polygon 
vertices, we can find the farthest pair of points in any set of n points in 0(n Ign) 
time. 



Graham's scan 



Graham's scan solves the convex-hull problem by maintaining a stack S of can- 
didate points. It pushes each point of the input set Q onto the stack one time, 
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and it eventually pops from the stack each point that is not a vertex of CH(g). 
When the algorithm terminates, stack S contains exactly the vertices of CH(Q), in 
counterclockwise order of their appearance on the boundary. 

The procedure Graham-Scan takes as input a set Q of points, where | Q\ > 3. 
]|t>0alls the functions TOPf^), which returns the point on top of stack S without 
cnaffaing S, and Next-To-Top(5), which returns the point one entry below the 
top ojfatfack 5* without changing S. As we shall prove in a moment, the stack S 
returnedcby Graham-Scan contains, from bottom to top, exactly the vertices 
of CH(§L*n counterclockwise order. 

GRAHAM-^^N(g) 

1 let p 0 be tfienDoint in Q with the minimum y -coordinate, 

or the leftmost such point in case of a tie 

2 let (pi , p 2 , . . > , Pyr) be the remaining points in Q, 

sorted by polap^ngle in counterclockwise order around p 0 
(if more than sim point has the same angle, remove all but 
the one that is farthest from p 0 ) 

3 let S be an empty stacK 

4 PUSHES) 0 



5 Push(/>i,5) 
6 
7 



6 PUSH(/) 2 ,S) <5 



for i = 3 to m 

8 while the angle formed by p<@ts Next-To-Top(S), Top(S), 

and pi makes a nonleJjf^rn 

9 POP(S) °\C\ 

10 VUSH( Pi ,S) ^ 

1 1 return S f\ 

Figure 33.7 illustrates the progress of Graham-Scan. Line 1 chooses point p 0 
as the point with the lowest y -coordinate, picking me^eftmost such point in case 
of a tie. Since there is no point in Q that is below ^>W any other points with 
the same y -coordinate are to its right, p 0 must be a vengx of CH(Q). Line 2 
sorts the remaining points of Q by polar angle relative p 0 , using the same 
method— comparing cross products— as in Exercise 33.1-3. If two or more points 
have the same polar angle relative to p 0 , all but the farthest such point are convex 
combinations of p 0 and the farthest point, and so we remove them entirely from 
consideration. We let m denote the number of points other than p 0 that remain. 
The polar angle, measured in radians, of each point in Q relative to p 0 is in the 
half-open interval [0, n). Since the points are sorted according to polar angles, 
they are sorted in counterclockwise order relative to p 0 . We designate this sorted 
sequence of points by (pi, p 2 , . . . , p m )- Note that points p\ and p m are vertices 




Figure 33.7 The execution of GRAHAM-SCAN on the set Q of Figure 33.6. The current convex 

hull contained in stack S is shown in gray at each step, (a) The sequence (p\ , pi p\2) of points 

numbered in order of increasing polar angle relative to po, and the initial stack S containing po, Pi, 
and p2- (b)-(k) Stack S after each iteration of the for loop of lines 7-10. Dashed lines show nonleft 
turns, which cause points to be popped from the stack. In part (h), for example, the right turn at 
angle Z p-j pg pg causes />g to be popped, and then the right turn at angle Z p(, pj pg causes pj to be 
popped. 




Figure 33.7, continued (1) The convex hull returned by the procedure, which matches that of 
Figure 33.6. 
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of CH(Q) (see Exercise 33.3-1). Figure 33.7(a) shows the points of Figure 33.6 
sequentially numbered in order of increasing polar angle relative to p 0 . 

The remainder of the procedure uses the stack S. Lines 3-6 initialize the stack 
■to^ontain, from bottom to top, the first three points p 0 , p u and p 2 . Figure 33.7(a) 
sne^s the initial stack S. The for loop of lines 7-10 iterates once for each point 
in thV^ibsequence (p 3 , p 4 , . . . , p m ). We shall see that after processing point 
stack a/^ontains, from bottom to top, the vertices of CH({/? 0 , p lt . . . , p t }) in coun- 
terclock\\jise order. The while loop of lines 8-9 removes points from the stack if 
we find tfterB>riot to be vertices of the convex hull. When we traverse the convex 
hull counterclockwise, we should make a left turn at each vertex. Thus, each time 
the while loop figds a vertex at which we make a nonleft turn, we pop the vertex 
from the stack. ^Bv checking for a nonleft turn, rather than just a right turn, this 
test precludes the possibility of a straight angle at a vertex of the resulting convex 
hull. We want no srcaighj angles, since no vertex of a convex polygon may be a 
convex combination d^other vertices of the polygon.) After we pop all vertices 
that have nonleft turns w^ien heading toward point p t , we push p t onto the stack. 
Figures 33.7(b)-(k) show (h£ state of the stack S after each iteration of the for 
loop. Finally, Graham -SCA(Nreturns the stack S in line 11. Figure 33.7(1) shows 
the corresponding convex hull. 

The following theorem formally proves the correctness of Graham-Scan. 



Theorem 33.1 (Correctness of Graham^ scan) 

If Graham-Scan executes on a set Q appoints, where \ Q\ > 3, then at termina- 
tion, the stack S consists of, from bottom te\top, exactly the vertices of CH(Q) in 
counterclockwise order. ^^5^ 

Proof After line 2, we have the sequence op-«oints (pi, p 2 , . . . , p m ). Let us 

define, for ; = 2, 3, . . . , m, the subset of poinW/G, = {p 0 , p 1 p t }. The 

points in Q — Q m are those that were removed because they had the same polar 
angle relative to p 0 as some point in Q m ; these points are not in CH(g), and 
so CR(Q m ) = CH(g). Thus, it suffices to show th^when Graham-Scan 
terminates, the stack S consists of the vertices of CH(^) in counterclockwise 
order, when listed from bottom to top. Note that just as p 0 , ^jand p m are vertices 
of CH(Q), the points p 0 , p 1 , and p t are all vertices of CH(g,). 
The proof uses the following loop invariant: 

At the start of each iteration of the for loop of lines 7-10, stack S consists of, 
from bottom to top, exactly the vertices of CH(2i-i) in counterclockwise 
order. 



Initialization: The invariant holds the first time we execute line 7, since at that 
time, stack 5 consists of exactly the vertices of Q 2 = Qi-i, and this set of three 
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(b) 



Figure 33.8 The pro^f^jf correctness of GRAHAM-SCAN, (a) Because p, 's polar angle relative 
to po is greater than pj 'stj^far angle, and because the angle Z p^ pj pi makes a left turn, adding />,- 
to CH(Qj) gives exactly the^rtices of CH(Qj U {/>, }). (b) If the angle Zp r p t pi makes a nonleft 
turn, then p t is either in the* inferior of the triangle formed by po, p r , and pj or on a side of the 
triangle, which means that it ca^f&J^>e a vertex of CH(<2, ). 

vertices forms its own con($k hull. Moreover, they appear in counterclockwise 
order from bottom to top. • > 

Maintenance: Entering an iteration of the for loop, the top point on stack S 
is pi -i, which was pushed at the end of the previous iteration (or before the 
first iteration, when i = 3). Let pyy%. me top point on S after executing the 
while loop of lines 8-9 but before kjjeMO pushes p t , and let pk be the point 
just below pj on S. At the moment thatSV; is the top point on S and we have 
not yet pushed p t , stack S contains exaoLp the same points it contained after 
iteration j of the for loop. By the loop inva©nt, therefore, S contains exactly 
the vertices of CH(Qj) at that moment, and (ney appear in counterclockwise 
order from bottom to top. » 

Let us continue to focus on this moment just be^ie pushing p t . We know 
that Pi 's polar angle relative to p 0 is greater than ©^s polar angle and that 
the angle Zp k pjpj makes a left turn (otherwise we woftld have popped pj). 
Therefore, because S contains exactly the vertices of CH(gy), we see from 
Figure 33.8(a) that once we push p t , stack S will contain exactly the vertices 
of CH(Qj U {/>, }), still in counterclockwise order from bottom to top. 

We now show that CH(g ; U{/> ; }) is the same set of points as CH(g,). Consider 
any point p t that was popped during iteration i of the for loop, and let p r be 
the point just below p t on stack S at the time p t was popped (p r might be pj). 
The angle Zp r p t pt makes a nonleft turn, and the polar angle of p t relative 
to p a is greater than the polar angle of p r . As Figure 33.8(b) shows, p t must 
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be either in the interior of the triangle formed by p 0 , p r , and p t or on a side of 
this triangle (but it is not a vertex of the triangle). Clearly, since p t is within a 
^\ triangle formed by three other points of Q t , it cannot be a vertex of CH(g ( ). 
vOSince p t is not a vertex of CH(g ; ), we have that 



{p t }) = CR(Qi). (33.1) 

Let?Ue the set of points that were popped during iteration i of the for loop. 
Since HKiequality (33.1) applies for all points in P u we can apply it repeatedly 
to show Vat CH(2, - Pi) = CH(g,). But g, - P, = Q } U {/>,}, and so we 
conclude ftat£H(g y U { Pi }) = CH(g, -/»,) = CH(g,). 

We have showiKthat once we push , stack S contains exactly the vertices 
of CH(Qi) in counterclockwise order from bottom to top. Incrementing i will 
then cause the loop invariant to hold for the next iteration. 

Termination: When tne^op terminates, we have i = m + 1, and so the loop 
invariant implies that sta^k S consists of exactly the vertices of CH(Q m ), which 
is CH(g), in counterclockwise order from bottom to top. This completes the 
proof. ■ 

We now show that the running tk^e of Graham-Scan is 0(nlgn), where 
n = \Q\. Line 1 takes 0(n) time. fcme>2 takes 0(n\gn) time, using merge sort 
or heapsort to sort the polar angles ana the cross-product method of Section 33.1 
to compare angles. (We can remove all Wuhe farthest point with the same polar 
angle in total of 0(n) time over all n poinjs<7 Lines 3-6 take 0(1) time. Because 
m < n — 1, the for loop of lines 7-10 executes^at most n — 3 times. Since PUSH 
takes 0(1) time, each iteration takes 0(1) tims_«xclusive of the time spent in the 
while loop of lines 8-9, and thus overall the for roopjakes 0{n) time exclusive of 
the nested while loop. 

We use aggregate analysis to show that the while leop takes 0(n) time overall. 
For i = 0, 1, . . . , m, we push each point />, onto stack (^exactly once. As in the 
analysis of the MuLTlPOP procedure of Section 17. 1 , we ob^rve that we can pop at 
most the number of items that we push. At least three points*Qfj 0 , p u and p m —are 
never popped from the stack, so that in fact at most m — 2 POP operations are 
performed in total. Each iteration of the while loop performs one POP, and so 
there are at most m — 2 iterations of the while loop altogether. Since the test in 
line 8 takes 0(1) time, each call of POP takes 0(1) time, and m < n — 1, the total 
time taken by the while loop is 0(n). Thus, the running time of Graham-Scan 
is 0(n Ign). 
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left chain ;' right chain 




left chain 



righ^2&jjn 

Figure 33.9 The operation of Jarvis'^ march. We choose the first vertex as the lowest point po. 
The next vertex, p\, has the smallest pok^ngle of any point with respect to po- Then, pi has the 
smallest polar angle with respect to pi . Tfeeriaht chain goes as high as the highest point p-$. Then, 
we construct the left chain by finding smalle^fpolar angles with respect to the negative x-axis. 

o 

Jarvis's march 

Jarvis's march computes the convex hull of. 
as package wrapping (or gift wrapping). 
where h is the number of vertices of CH(Q) 
asymptotically faster than Graham's scan 

Intuitively, Jarvis's march simulates wrapping a taut>piece of paper around the 
set Q . We start by taping the end of the paper to the lowest point in the set, that is, 
to the same point p 0 with which we start Graham's scarrr^P know that this point 
must be a vertex of the convex hull. We pull the paper to roe right to make it taut, 
and then we pull it higher until it touches a point. This point must also be a vertex 
of the convex hull. Keeping the paper taut, we continue in this way around the set 
of vertices until we come back to our original point p 0 . 

More formally, Jarvis's march builds a sequence H = {p 0 , p l} ..., ph-i) of the 
vertices of CH(Q). We start with p 0 . As Figure 33.9 shows, the next vertex pi 
in the convex hull has the smallest polar angle with respect to p 0 . (In case of ties, 
we choose the point farthest from p 0 .) Similarly, p 2 has the smallest polar angle 



Q of points by a technique known 
algorithm runs in time 0(nh), 
h is o(lgn), Jarvis's march is 
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with respect to p\, and so on. When we reach the highest vertex, say pk (breaking 
ties by choosing the farthest such vertex), we have constructed, as Figure 33.9 
^&hows, the right chain of CH(g). To construct the left chain, we start at pk and 
•ertjpose Pk+i as the point with the smallest polar angle with respect to pk, but from 
tntNtegative x-axis. We continue on, forming the left chain by taking polar angles 
fronvtfe negative x-axis, until we come back to our original vertex p 0 . 

We^oqsld implement Jarvis's march in one conceptual sweep around the convex 
hull, that /«\ without separately constructing the right and left chains. Such imple- 
mentations tjsnicaily keep track of the angle of the last convex-hull side chosen and 
require the sequence of angles of hull sides to be strictly increasing (in the range 
of 0 to 2tt radians). The advantage of constructing separate chains is that we need 
not explicitly cc^nnute angles; the techniques of Section 33.1 suffice to compare 
angles. vj „ 

If implemented properly, Jarvis's march has a running time of 0(nh). For each 
of the h vertices of CH^g)_ we find the vertex with the minimum polar angle. Each 
comparison between pol^" angles takes 0(1) time, using the techniques of Sec- 
tion 33.1. As Section 9.1 sKojfrs, we can compute the minimum of n values in 0(n) 
time if each comparison take^0(l) time. Thus, Jarvis's march takes 0(nh) time. 

Exercises • > 

33.3-1 V/> 

Prove that in the procedure Graham -Scan, points pi and p m must be vertices 
ofCH(g). ^ 

33.3-2 

Consider a model of computation that suppordfaddition, comparison, and multipli- 
cation and for which there is a lower bound of ,n) to sort n numbers. Prove 
that Q(n \gn) is a lower bound for computing, in o^er, the vertices of the convex 
hull of a set of n points in such a model. • 

o 

33.3-3 V Q 

Given a set of points Q , prove that the pair of points farthesj^om each other must 
be vertices of CH(g). 

33.3-4 

For a given polygon P and a point q on its boundary, the shadow of q is the set 
of points r such that the segment q~r is entirely on the boundary or in the interior 
of P. As Figure 33.10 illustrates, a polygon P is star-shaped if there exists a 
point p in the interior of P that is in the shadow of every point on the boundary 
of P. The set of all such points p is called the kernel of P. Given an n -vertex, 
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(b) 



Figure 33.10 \jWe definition of a star-shaped polygon, for use in Exercise 33.3-4. (a) A star-shaped 
polygon. The segjrtept from point p to any point q on the boundary intersects the boundary only at q. 
(b) A non-star-shaped polygon. The shaded region on the left is the shadow of q, and the shaded 
region on the right ikjneLshadow of q' . Since these regions are disjoint, the kernel is empty. 

star-shaped polygonV' specified by its vertices in counterclockwise order, show 
how to compute CH(P> in> 0(n) time. 

33.3-5 

In the on-line convex-hull pr$$$em, we are given the set Q of n points one point at 
a time. After receiving each pouit, we compute the convex hull of the points seen 
so far. Obviously, we could run ■Cfraham's scan once for each point, with a total 
running time of 0(n 2 lg n). Show howAo solve the on-line convex-hull problem in 
a total of 0{n 2 ) time. q 

33.3-6 ★ vP\ 

Show how to implement the incremental Method for computing the convex hull 
of n points so that it runs in 0(n\gn) t\meS\J 



33.4 Finding the closest pair of points 



We now consider the problem of finding the closest pahv^E points in a set Q of 
n > 2 points. "Closest" refers to the usual euclidean distance: the distance between 
points p x = (Xi.^i) and p 2 = (x 2 , y 2 ) is yf{x Y - x 2 ) 2 + (yl - y 2 ) 2 . Two points 
in set Q may be coincident, in which case the distance between them is zero. This 
problem has applications in, for example, traffic-control systems. A system for 
controlling air or sea traffic might need to identify the two closest vehicles in order 
to detect potential collisions. 

A brute-force closest-pair algorithm simply looks at all the = 0(n 2 ) pairs 
of points. In this section, we shall describe a divide-and-conquer algorithm for 
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this problem, whose running time is described by the familial - recurrence T(n) — 
2T(n/2) + 0(n). Thus, this algorithm uses only 0(n Ign) time. 



Eacr^*ecursive invocation of the algorithm takes as input a subset P C Q and 
array s<^v and Y, each of which contains all the points of the input subset P. 
The porrft&Jn array X are sorted so that their x-coordinates are monotonically 
increasing-z^imilarly, array Y is sorted by monotonically increasing y -coordinate. 
Note that iiv'order to attain the 0{n\gn) time bound, we cannot afford to sort 
in each recursive, call; if we did, the recurrence for the running time would be 
T(n) = 2T(nf%f + 0(nlgn), whose solution is T(n) = 0(nlg 2 n). (Use the 
version of the ma&ierjiiethod given in Exercise 4.6-2.) We shall see a little later 
how to use "presortu^g*" to maintain this sorted property without actually sorting in 
each recursive call, 

A given recursive im^ation with inputs P, X, and Y first checks whether 
|.P | < 3. If so, the invoca1(ioji simply performs the brute-force method described 
above: try all ('^') pairs of (Taints and return the closest pair. If |P| > 3, the 
recursive invocation carries out(f^e divide-and-conquer paradigm as follows. 

Divide: Find a vertical line / that*bi§£cts the point set P into two sets P L and P R 
such that | P £ | = f | P | /2] , | P R *Q k| P | /2J , all points in P L are on or to the 
left of line / , and all points in P R aXe on or to the right of / . Divide the array X 
into arrays X L and X R , which contain) the points of Pl and P R respectively, 
sorted by monotonically increasing x-^^rdinate. Similarly, divide the array Y 
into arrays Y L and Y R , which contain tK^points of Pl and P R respectively, 
sorted by monotonically increasing j-cooijd^te. 

Conquer: Having divided P into P L and P R , maQtwo recursive calls, one to find 
the closest pair of points in P L and the other touind the closest pair of points 
in P R . The inputs to the first call are the subset P?, and arrays X L and Y L ; the 
second call receives the inputs P R , X R , and Y R . Le(me closest-pair distances 
returned for P L and P R be 8l and 8 R , respectively, ancQjk S — min(5 £ , S R ). 



Combine: The closest pair is either the pair with distance S^iound by one of the 
recursive calls, or it is a pair of points with one point in P L and the other in P R . 
The algorithm determines whether there is a pair with one point in P L and the 
other point in P R and whose distance is less than 8. Observe that if a pair of 
points has distance less than 8, both points of the pair must be within 8 units 
of line /. Thus, as Figure 33.11(a) shows, they both must reside in the 2<5-wide 
vertical strip centered at line /. To find such a pair, if one exists, we do the 
following: 




divide-and-conquer algorithm 
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1. Create an array Y\ which is the array Y with all points not in the 2<5-wide 
vertical strip removed. The array Y' is sorted by y -coordinate, just as Y is. 

2. For each point p in the array Y', try to find points in Y' that are within 8 
units of p. As we shall see shortly, only the 7 points in Y' that follow p need 

C^) .be considered. Compute the distance from p to each of these 7 points, and 
vOkeep track of the closest-pair distance 8' found over all pairs of points in Y'. 

3. ® 8' < 8, then the vertical strip does indeed contain a closer pair than the 

rdjSJh'sive calls found. Return this pah and its distance 8'. Otherwise, return 
fhe , <u&>sest pair and its distance 8 found by the recursive calls. 

V' 

The above description omits some implementation details that are necessary to 
achieve the 0(tAzji) running time. After proving the correctness of the algorithm, 
we shall show how to implement the algorithm to achieve the desired time bound. 

Correctness ^ x 

The correctness of this c(^sest-pair algorithm is obvious, except for two aspects. 
First, by bottoming out the ursion when \P\ < 3, we ensure that we never try to 
solve a subproblem consisting^ only one point. The second aspect is that we need 
only check the 7 points following each point p in array Y'\ we shall now prove this 
property. 

Suppose that at some level of the recursion, the closest pair of points is p L e Pl 
and p R e P R . Thus, the distance a /between p L and p R is strictly less than 8. 
Point p L must be on or to the left of line>apd less than 8 units away. Similarly, p R 
is on or to the right of / and less thanM'usits away. Moreover, p L and p R are 
within 8 units of each other vertically. Thusrji&.Figure 33.11(a) shows, p L and p R 
are within a 8 x 28 rectangle centered at line rruThere may be other points within 
this rectangle as well.) 

We next show that at most 8 points of P can reside within this 8 x 28 rectangle. 
Consider the 8x8 square forming the left half of tins rectangle. Since all points 
within P L are at least 8 units apart, at most 4 points c£yXeside within this square; 
Figure 33.11(b) shows how. Similarly, at most 4 point^jh, Pr can reside within 
the 8x8 square forming the right half of the rectangle. Thfvfoat most 8 points of P 
can reside within the 8 x 28 rectangle. (Note that since points on line / may be in 
either P L or P R , there may be up to 4 points on /. This limit is achieved if there are 
two pairs of coincident points such that each pair consists of one point from P L and 
one point from P R , one pair is at the intersection of / and the top of the rectangle, 
and the other pair is where / intersects the bottom of the rectangle.) 

Having shown that at most 8 points of P can reside within the rectangle, we 
can easily see why we need to check only the 7 points following each point in the 
array Y' . Still assuming that the closest pair is p L and p R , let us assume without 
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Figure 33.11 Key concepts m thjs proof that the closest-pair algorithm needs to check only 7 points 
following each point in the amy^.la) If £ P^ and € are less than <5 units apart, they 
must reside within a 5 x 2<5 rectangK centered at line /. (b) How 4 points that are pairwise at least S 
units apart can all reside within a 5 x ^tauare. On the left are 4 points in Pl, and on the right are 4 
points in Pr. The S x 28 rectangle cah contain 8 points if the points shown on line / are actually 
pairs of coincident points with one point ^V^j ant ^ one * n ^ R ' 



loss of generality that p L precedes Pr 
as possible in Y' and p R occurs as late a^s 
following p L . Thus, we have shown the i 

Implementation and running time 



ray Y' . Then, even if p L occurs as early 
issible, Pr is in one of the 7 positions 
Tectness of the closest-pair algorithm. 

o 



As we have noted, our goal is to have the recurrence <(pr the running time be T(n) = 
2T(n/2) + 0(n), where T(n) is the running time folia set of n points. The main 
difficulty comes from ensuring that the arrays X L , X(£\Y L , and Y R , which are 
passed to recursive calls, are sorted by the proper coordinate and also that the 
array Y' is sorted by ^-coordinate. (Note that if the array jOhat is received by a 
recursive call is already sorted, then we can easily divide set *r into P L and P R in 
lineal - time.) 

The key observation is that in each call, we wish to form a sorted subset of a 
sorted array. For example, a particular invocation receives the subset P and the 
array Y, sorted by y -coordinate. Having partitioned P into P L and P R , it needs to 
form the arrays Y L and Y R , which are sorted by y -coordinate, in linear time. We 
can view the method as the opposite of the Merge procedure from merge sort in 
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Section 2.3.1: we are splitting a sorted array into two sorted arrays. The following 
pseudocode gives the idea. 

v'T) let Y L [l . . Y. length] and Yr[1 . . Y. length] be new arrays 
y( ^)Y L . length = Y R . length = 0 
3\J(jr / = 1 to Y. length 

4 S i f Y[i] e p L 

5 Yl. length = Yt ■ length + 1 

6 ^\Y L [Y L . length] = Y[i] 

7 else Y R . length = Y R . length + 1 

8 ^bIYr. length] = Y[i] 



We simply exaikSiiilhe points in array Y in order. If a point Y[i] is in P L , we 
append it to the erio of array Y L ; otherwise, we append it to the end of array Y R . 
Similar pseudocode N^forks for forming arrays X L , X R , and Y' . 

The only remaining (Question is how to get the points sorted in the first place. We 
presort them; that is, we(6prt them once and for all before the first recursive call. 
We pass these sorted array^^rfito the first recursive call, and from there we whittle 
them down through the recurve calls as necessary. Presorting adds an additional 
0(n lg«) term to the running time, but now each step of the recursion takes linear 
time exclusive of the recursive calrfs\ Thus, if we let T(n) be the running time of 
each recursive step and T'(n) be me^fdnning time of the entire algorithm, we get 
T'(n) = T{n) + 0{n\gn) and 

j 27>/2) + 0(n) if/i>3,xS>. 
( 0(1) if n < 3 . 

Thus, T{n) = 0(n\gn) and T'(n) = 0(nlgnQ 
Exercises • 

o 

33.4-1 Q 

Professor Williams comes up with a scheme that allows flje^closest-pair algorithm 
to check only 5 points following each point in array Y' . Theldea is always to place 
points on line / into set P L . Then, there cannot be pairs of coincident points on 
line / with one point in P L and one in P R . Thus, at most 6 points can reside in 
the S x 28 rectangle. What is the flaw in the professor's scheme? 

33.4-2 

Show that it actually suffices to check only the points in the 5 array positions fol- 
lowing each point in the array Y' . 
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^ 33.4-3 

, We can define the distance between two points in ways other than euclidean. In 
•^ftie plane, the L m -distance between points p x and p 2 is given by the expres- 

Smh (|xi — x 2 \ m + \y-i — yi\ m ) l ^ m ■ Euclidean distance, therefore, is L 2 -distance. 
M<5*0fy the closest-pair algorithm to use the L x -distance, which is also known as 
the Manhattan distance. 

Given twWjioints pi and p 2 in the plane, the Loo-distance between them is 
given by mas(|*i — x 2 \ , \yi — _y2 1)- Modify the closest-pair algorithm to use the 
L -distance . \ > 

V 

33.4-5 \^ 

Suppose that Q(n) qtf'me points given to the closest-pair algorithm are covertical. 
Show how to determin^fhe sets P L and P R and how to determine whether each 
point of Y is in P L or i^so that the running time for the closest-pair algorithm 
remains 0(n Ign). 

33.4-6 C 

Suggest a change to the closesNpair algorithm that avoids presorting the Y array 
but leaves the running time as 0(h {Hint: Merge sorted arrays Y L and Y R to 
form the sorted array Y .) \J \ 

^ 

Problems tft 

33-1 Convex layers Q 

Given a set Q of points in the plane, we define the convex layers of Q inductively. 
The first convex layer of Q consists of those points in (9 that are vertices of CH(Q). 
For i > 1, define Q, to consist of the points of Q with/aH points in convex layers 
1, 2, — 1 removed. Then, the zth convex layer of Q H^QH(Qi) if g, ^ 0 and 
is undefined otherwise. 

a. Give an 6>(« 2 )-time algorithm to find the convex layers of a set of n points. 



b. Prove that Q(n lg n) time is required to compute the convex layers of a set of n 
points with any model of computation that requires Q(n lg n) time to sort n real 
numbers. 
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33-2 Maximal layers 

Let Q be a set of n points in the plane. We say that point (x,y) dominates 
\§\ point (x',y') if x > x' and y > y' . A point in Q that is dominated by no other 
v'noints in Q is said to be maximal. Note that Q may contain many maximal points, 
wtijch can be organized into maximal layers as follows. The first maximal layer L y 
is t^set of maximal points of Q. For i > 1, the ith maximal layer L, is the set of 
maximal points in Q — U/=i A/- 

Suppose that g has /c nonempty maximal layers, and let j, be the y -coordinate 
of the lefttBost point in L, for i = 1,2, ... ,k. For now, assume that no two points 
in Q havetne^s-ame x- or ^-coordinate. 

a. Show thatxj^) > y 2 > ■ ■ ■ > yu- 

Consider a poin^S^x-j) that is to the left of any point in Q and for which y is 
distinct from the j^coordinate of any point in Q. Let Q' — Q U {(x,y)}. 

b. Let j be the minrrnu^i index such that yj < y, unless y < y k , in which case 
we let j = k + 1. Sh(j*v that the maximal layers of Q' are as follows: 

• If j < k, then the maximal layers of Q' are the same as the maximal layers 
of Q, except that Lj al^j^ncludes (x,y) as its new leftmost point. 

• If j = k + 1, then the first^A; maximal layers of Q' we the same as for Q, but 
in addition, Q' has a nonemjrfry (k + l)st maximal layer: L^+i = {(x, y)}. 

v 

c. Describe an 0{n lg n )-time algorrthm to compute the maximal layers of a set Q 
of n points. {Hint: Move a sweep lme^rom right to left.) 

d. Do any difficulties arise if we now alli^ input points to have the same x- or 
j -coordinate? Suggest a way to resolve ^fl(c^ problems. 

O 

33-3 Ghostbusters and ghosts C 

A group of n Ghostbusters is battling n ghosts. Eaoti Ghostbuster carries a proton 
pack, which shoots a stream at a ghost, eradicating itj(A stream goes in a straight 
line and terminates when it hits the ghost. The Ghostbusters decide upon the fol- 
lowing strategy. They will pair off with the ghosts, formi^M Ghostbuster-ghost 
pairs, and then simultaneously each Ghostbuster will shoot a stream at his cho- 
sen ghost. As we all know, it is very dangerous to let streams cross, and so the 
Ghostbusters must choose pairings for which no streams will cross. 

Assume that the position of each Ghostbuster and each ghost is a fixed point in 
the plane and that no three positions are colinear. 

a. Argue that there exists a line passing through one Ghostbuster and one ghost 
such that the number of Ghostbusters on one side of the line equals the number 
of ghosts on the same side. Describe how to find such a line in 0(n lg n) time. 
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b. Give an 0(n 2 lgn)-time algorithm to pah - Ghostbusters with ghosts in such a 
way that no streams cross. 

33)4 Picking up sticks 

Pressor Charon has a set of n sticks, which are piled up in some configuration. 
Eacb/sjlick is specified by its endpoints, and each endpoint is an ordered triple 
giving $t§(x, y, z) coordinates. No stick is vertical. He wishes to pick up all the 
sticks, onS^t a time, subject to the condition that he may pick up a stick only if 
there is no ^rfjer stick on top of it. 

a. Give a procedure that takes two sticks a and b and reports whether a is above, 
below, or unrelated to b. 

b. Describe an efficient algorithm that determines whether it is possible to pick up 
all the sticks, and ff^sb,provides a legal order in which to pick them up. 

\t 

33-5 Sparse -hulled distrUpMpns 

Consider the problem of computing the convex hull of a set of points in the plane 
that have been drawn according^) some known random distribution. Sometimes, 
the number of points, or size, of Jhe convex hull of n points drawn from such a 
distribution has expectation 0(n x ^J)for some constant e > 0. We call such a 
distribution sparse-hulled. Sparse-hul^f* distributions include the following: 

• Points drawn uniformly from a unit-raaius disk. The convex hull has expected 
size©(« 1/3 ). vP* 

\y 

• Points drawn uniformly from the interior aL&convex polygon with k sides, for 
any constant k. The convex hull has expectetl^sip 0(lg/j). 

• Points drawn according to a two-dimensional n^&ial distribution. The convex 
hull has expected size ©(y'lgw). 

a. Given two convex polygons with n x and n 2 vertices^esoectively, show how to 
compute the convex hull of all n y +n 2 points in 0(n t +Wxtime. (The polygons 
may overlap.) V* 

b. Show how to compute the convex hull of a set of n points drawn independently 
according to a sparse-hulled distribution in O(n) average-case time. (Hint: 
Recursively find the convex hulls of the first n/2 points and the second n/2 
points, and then combine the results.) 
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Chapter.notes 

^'JPhis chapter barely scratches the surface of computational-geometry algorithms 
a^l techniques. Books on computational geometry include those by Preparata and 
Shtfrpos [282], Edelsbrunner [99], and O'Rourke [269]. 

Al(^ugh geometry has been studied since antiquity, the development of algo- 
rithms geometric problems is relatively new. Preparata and Shamos note that 
the earlie$fhotion of the complexity of a problem was given by E. Lemoine in 1902. 
He was stuqvhfg euclidean constructions— those using a compass and a ruler— and 
devised a ser,pWive primitives: placing one leg of the compass on a given point, 
placing one leg^oRhe compass on a given line, drawing a circle, passing the ruler's 
edge through a gly^i point, and drawing a line. Lemoine was interested in the 
number of primitives weeded to effect a given construction; he called this amount 
the "simplicity" of the construction. 

The algorithm of Sestipn 33.2, which determines whether any segments inter- 
sect, is due to Shamos anH^pey [313]. 

The original version of Cxaham's scan is given by Graham [150]. The package- 
wrapping algorithm is due tck^lrvis [189]. Using a decision-tree model of com- 
putation, Yao [359] proved a w»rst-pase lower bound of Q(n Ign) for the running 
time of any convex-hull algorithrQj When the number of vertices h of the con- 
vex hull is taken into account, the prafne-and-search algorithm of Kirkpatrick and 
Seidel [206], which takes 0(n lg/z) tir^e) is asymptotically optimal. 

The 0(n lg «)-time divide-and-conquejF^lgorifhm for finding the closest pair of 
points is by Shamos and appears in Prepar^a and Shamos [282]. Preparata and 
Shamos also show that the algorithm is asy^a^otically optimal in a decision-tree 
model. s~\ 
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Almost all the algorithms we have studied thus far have been polynomial-time al- 
gorithms: on inputs pf^ize n, their worst-case running time is 0(n k ) for some con- 
stant k. You might wbndpr whether all problems can be solved in polynomial time. 
The answer is no. For example, there are problems, such as Turing's famous "Halt- 
ing Problem," that cannorbe>solved by any computer, no matter how much time we 
allow. There are also problem^ that can be solved, but not in time 0(n k ) for any 
constant k. Generally, we think of problems that are solvable by polynomial-time 
algorithms as being tractable, oveasy, and problems that require superpolynomial 
time as being intractable, or hard.* > 

The subject of this chapter, however, is an interesting class of problems, called 
the "NP-complete" problems, whose , ^Tatus is unknown. No polynomial-time al- 
gorithm has yet been discovered for an ^@-complete problem, nor has anyone yet 
been able to prove that no polynomial-time^pjgorithm can exist for any one of them. 
This so-called P ^ NP question has been on^f the deepest, most perplexing open 
research problems in theoretical computer sci^^ since it was first posed in 1971. 

Several NP-complete problems are particularl^antalizing because they seem 
on the surface to be similar to problems that we kno$ how to solve in polynomial 
time. In each of the following pairs of problems, one is solvable in polynomial 
time and the other is NP-complete, but the difference between problems appears to 
be slight: ^~ q 



Shortest vs. longest simple paths: In Chapter 24, we saw fa*p even with negative 
edge weights, we can find shortest paths from a single source in a directed 
graph G = (V, E) in O(VE) time. Finding a longest simple path between two 
vertices is difficult, however. Merely determining whether a graph contains a 
simple path with at least a given number of edges is NP-complete. 

Euler tour vs. hamiltonian cycle: An Euler tour of a connected, directed graph 
G = (V, E) is a cycle that traverses each edge of G exactly once, although 
it is allowed to visit each vertex more than once. By Problem 22-3, we can 
determine whether a graph has an Euler tour in only 0(E) time and, in fact, 
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we can find the edges of the Euler tour in 0(E) time. A hamiltonian cycle of 
a directed graph G = (V, E) is a simple cycle that contains each vertex in V. 
Determining whether a directed graph has a hamiltonian cycle is NP-complete. 
(Later in this chapter, we shall prove that determining whether an undirected 
(>^graph has a hamiltonian cycle is NP-complete.) 

satisfiability vs. 3-CNF satisfiability: A boolean formula contains vari- 
aH(^ whose values are 0 or 1; boolean connectives such as A (AND), V (OR), 
and^)(NOT); and parentheses. A boolean formula is satisfiable if there exists 
some «s^ignment of the values 0 and 1 to its variables that causes it to evaluate 
to 1 . We^shall define terms more formally later in this chapter, but informally, a 
boolean io^fnula is in k -conjunctive normal form, or A: -CNF, if it is the AND 
of clauses ot SRs of exactly k variables or their negations. For example, the 
boolean formula^X! V ->x 2 ) A (->Xi V x 3 ) A (-*x 2 V -a 3 ) is in 2-CNF. (It has 
the satisfying assignment x x = l,x 2 = 0, x 3 = 1.) Although we can deter- 
mine in polynomial iijne whether a 2-CNF formula is satisfiable, we shall see 
later in this chapterthai determining whether a 3-CNF formula is satisfiable is 
NP-complete. 

NP-completeness and the classes P and NP 

Throughout this chapter, we shaH(r^fer to three classes of problems: P, NP, and 
NPC, the latter class being the NP-complete problems. We describe them infor- 
mally here, and we shall define them r^o)re formally later on. 

The class P consists of those problei^p^fhat are solvable in polynomial time. 
More specifically, they are problems that^n be solved in time 0{n k ) for some 
constant k, where n is the size of the input^j^the problem. Most of the problems 
examined in previous chapters are in P. q 

The class NP consists of those problems that are^yerifiable" in polynomial time. 
What do we mean by a problem being verifiable? If we were somehow given a 
"certificate" of a solution, then we could verify that the-certificate is correct in time 
polynomial in the size of the input to the problem. For example, in the hamiltonian- 
cycle problem, given a directed graph G = (V, E), a eejtificate would be a se- 
quence (vj, v 2 , v 3 , . . . , v\v\) of \V\ vertices. We could easily check in polynomial 
time that (v,, v !+1 ) € E for i = 1, 2, 3, . . . , | V\ — 1 and that (v|y|, V\) € E as well. 
As another example, for 3-CNF satisfiability, a certificate would be an assignment 
of values to variables. We could check in polynomial time that this assignment 
satisfies the boolean formula. 

Any problem in P is also in NP, since if a problem is in P then we can solve it 
in polynomial time without even being supplied a certificate. We shall formalize 
this notion later in this chapter, but for now we can believe that P C NP. The open 
question is whether or not P is a proper subset of NP. 
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Informally, a problem is in the class NPC— and we refer to it as being NP- 
complete— if it is in NP and is as "hard" as any problem in NP. We shall formally 
•Refine what it means to be as hard as any problem in NP later in this chapter, 
irnthe meantime, we will state without proof that if any NP-complete problem 
can^je solved in polynomial time, then every problem in NP has a polynomial- 
tim&<areorithm. Most theoretical computer scientists believe that the NP-complete 
problems\ are intractable, since given the wide range of NP-complete problems 
that have/been studied to date— without anyone having discovered a polynomial- 
time solurigj*>to any of them— it would be truly astounding if all of them could 
be solved in^atynomial time. Yet, given the effort devoted thus far to proving 
that NP-compieta problems are intractable— without a conclusive outcome— we 
cannot rule out tire possibility that the NP-complete problems are in fact solvable 
in polynomial tims) ^ 

To become a goodCalgorithm designer, you must understand the rudiments of the 
theory of NP-complete<tess. If you can establish a problem as NP-complete, you 
provide good evidence fgr its intractability. As an engineer, you would then do 
better to spend your time d^eloping an approximation algorithm (see Chapter 35) 
or solving a tractable specialise, rather than searching for a fast algorithm that 
solves the problem exactly. Mo^)over, many natural and interesting problems that 
on the surface seem no harder tha^ sorting, graph searching, or network flow are 
in fact NP-complete. Therefore, yo^Should become familial - with this remarkable 
class of problems. 

o 

Overview of showing problems to be NFpjamplete 

The techniques we use to show that a partiwnar problem is NP-complete differ 
fundamentally from the techniques used thrdug«out most of this book to design 
and analyze algorithms. When we demonstratenHat a problem is NP-complete, 
we are making a statement about how hard it is (o£ at least how hard we think it 
is), rather than about how easy it is. We are not trying to prove the existence of 
an efficient algorithm, but instead that no efficient algdQtkm is likely to exist. In 
this way, NP-completeness proofs bear some similarity to@bproof in Section 8.1 
of an £2(n lgn)-time lower bound for any comparison sort 'aSprithm; the specific 
techniques used for showing NP-completeness differ from the decision-tree method 
used in Section 8.1, however. 

We rely on three key concepts in showing a problem to be NP-complete: 



Decision problems vs. optimization problems 

Many problems of interest are optimization problems, in which each feasible (i.e., 
"legal") solution has an associated value, and we wish to find a feasible solution 
with the best value. For example, in a problem that we call SHORTEST-PATH, 
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we are given an undirected graph G and vertices u and v, and we wish to find a 
path from u to v that uses the fewest edges. In other words, SHORTEST-PATH 
^\ is the single-pair shortest-path problem in an unweighted, undirected graph. NP- 
v^oampleteness applies directly not to optimization problems, however, but to deci- 
sjxfoi problems, in which the answer is simply "yes" or "no" (or, more formally, "1" 

Afkraugh NP-complete problems are confined to the realm of decision problems, 
we can take advantage of a convenient relationship between optimization problems 
and decrsipM problems. We usually can cast a given optimization problem as a re- 
lated decision problem by imposing a bound on the value to be optimized. For 
example, a aecision problem related to SHORTEST-PATH is PATH: given a di- 
rected graph G< vertices u and v, and an integer k, does a path exist from u to v 
consisting of at rabskA: edges? 

The relationship\betw,een an optimization problem and its related decision prob- 
lem works in our fa^oi\.when we try to show that the optimization problem is 
"hard." That is becaus^tne decision problem is in a sense "easier," or at least "no 
harder." As a specific example, we can solve PATH by solving SHORTEST-PATH 
and then comparing the number of edges in the shortest path found to the value 
of the decision-problem para^^ter k. In other words, if an optimization prob- 
lem is easy, its related decision problem is easy as well. Stated in a way that has 
more relevance to NP-completen£s\ if we can provide evidence that a decision 
problem is hard, we also provide ev^d^ice that its related optimization problem is 
hard. Thus, even though it restricts attention to decision problems, the theory of 

Reductions 

The above notion of showing that one problem^ no harder or no easier than an- 
other applies even when both problems are decision problems. We take advantage 
of this idea in almost every NP-completeness proof, as follows. Let us consider a 
decision problem A, which we would like to solve in polynomial time. We call the 
input to a particular problem an instance of that problem; for example, in PATH, 
an instance would be a particular graph G, particular vertipes u and v of G, and a 
particular integer k. Now suppose that we already know hpw to solve a different 
decision problem B in polynomial time. Finally, suppose that we have a procedure 
that transforms any instance a of A into some instance ft of B with the following 
characteristics: 

• The transformation takes polynomial time. 

• The answers are the same. That is, the answer for a is "yes" if and only if the 
answer for B is also "yes." 
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FigurefSil How to use a polynomial-time reduction algorithm to solve a decision problem A in 
polynornxgvtirne, given a polynomial-time decision algorithm for another problem B. In polynomial 
time, we tr^S^form an instance a of A into an instance f) of B, we solve B in polynomial time, and 

We call such a^ocedure a polynomial-time reduction algorithm and, as Fig- 
ure 34. 1 shows, it^pjpvides us a way to solve problem A in polynomial time: 



1. Given an instance* a of problem A, use a polynomial-time reduction algorithm 
to transform it to arun^tance fi of problem B. 

2. Run the polynomial-tmi^ decision algorithm for B on the instance /3. 

3. Use the answer for /3 as th^Wswer for a. 



As long as each of these steps takes polynomial time, all three together do also, and 
so we have a way to decide on a irfpoiVnomial time. In other words, by "reducing" 
solving problem A to solving problem we use the "easiness" of B to prove the 
"easiness" of A. \ 

Recalling that NP-completeness is ab(uji showing how hard a problem is rather 
than how easy it is, we use polynomial-tim^eductions in the opposite way to show 
that a problem is NP-complete. Let us take th^lea a step further, and show how we 
could use polynomial-time reductions to show^at no polynomial-time algorithm 
can exist for a particular problem B. Suppose v>(e)iave a decision problem A for 
which we already know that no polynomial-time a^orithm can exist. (Let us not 
concern ourselves for now with how to find such a problem A.) Suppose further 
that we have a polynomial-time reduction transforming ^tances of A to instances 
of B. Now we can use a simple proof by contradiction to sh^w that no polynomial- 
time algorithm can exist for B. Suppose otherwise; i.e.,v»topose that B has a 
polynomial-time algorithm. Then, using the method showif in Figure 34.1, we 
would have a way to solve problem A in polynomial time, which contradicts our 
assumption that there is no polynomial-time algorithm for A. 

For NP-completeness, we cannot assume that there is absolutely no polynomial- 
time algorithm for problem A. The proof methodology is similar, however, in that 
we prove that problem B is NP-complete on the assumption that problem A is also 
NP-complete. 
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A first NF '-complete problem 

, Because the technique of reduction relies on having a problem already known to 
^\ be NP-complete in order to prove a different problem NP-complete, we need a 
VHfirst" NP-complete problem. The problem we shall use is the circuit-satisfiability 
jwdblem, in which we are given a boolean combinational circuit composed of AND, 
(J^and NOT gates, and we wish to know whether there exists some set of boolean 
inpuocto this circuit that causes its output to be 1. We shall prove that this first 
problemns NP-complete in Section 34.3. 

Chapter d^tjilie 



This chapter studies the aspects of NP-completeness that bear most directly on the 
analysis of algofiltrras. In Section 34.1, we formalize our notion of "problem" and 
define the comple)(4ty class P of polynomial-time solvable decision problems. We 
also see how these ifl^rions fit into the framework of formal-language theory. Sec- 
tion 34.2 defines the cl^fss NP of decision problems whose solutions are verifiable 
in polynomial time. It als^formally poses the P ^ NP question. 

Section 34.3 shows we <^£n relate problems via polynomial-time "reductions." 
It defines NP-completeness a(^) sketches a proof that one problem, called "circuit 
satisfiability," is NP-complete. Having found one NP-complete problem, we show 
in Section 34.4 how to prove othet<psoblems to be NP-complete much more simply 
by the methodology of reductions. \Veyillustrate this methodology by showing that 
two formula-satisfiability problems are-fSJP-complete. With additional reductions, 
we show in Section 34.5 a variety of otheisproblerns to be NP-complete. 

\ 

34.1 Polynomial time ^ 

c 

We begin our study of NP-completeness by formalizing our notion of polynomial- 
time solvable problems. We generally regard these ppblems as tractable, but for 
philosophical, not mathematical, reasons. We can offeK three supporting argu- 
ments. *Ol 

First, although we may reasonably regard a problem thavfequires time 0(n 10 °) 
to be intractable, very few practical problems require time on the order of such a 
high-degree polynomial. The polynomial-time computable problems encountered 
in practice typically require much less time. Experience has shown that once the 
first polynomial-time algorithm for a problem has been discovered, more efficient 
algorithms often follow. Even if the current best algorithm for a problem has a 
running time of ©(« 100 ), an algorithm with a much better running time will likely 
soon be discovered. 
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Second, for many reasonable models of computation, a problem that can be 
solved in polynomial time in one model can be solved in polynomial time in an- 
\j5ther. For example, the class of problems solvable in polynomial time by the serial 
tandom-access machine used throughout most of this book is the same as the class 
of(pfpblems solvable in polynomial time on abstract Turing machines. 1 It is also 
the S£fne as the class of problems solvable in polynomial time on a parallel com- 
puter wten the number of processors grows polynomially with the input size. 

Third; ihe class of polynomial-time solvable problems has nice closure proper- 
ties, since^poiynomials are closed under addition, multiplication, and composition. 
For examplefn ^he output of one polynomial-time algorithm is fed into the input of 
another, the composite algorithm is polynomial. Exercise 34.1-5 asks you to show 
that if an algorithmjiiakes a constant number of calls to polynomial-time subrou- 
tines and performs^W^dditional amount of work that also takes polynomial time, 
then the running tim&of the composite algorithm is polynomial. 

Abstract problems v v 

To understand the class of polynomial-time solvable problems, we must first have 
a formal notion of what a "prote%n" is. We define an abstract problem Q to be a 
binary relation on a set / of problem instances and a set S of problem solutions. 
For example, an instance for SHOJj&?^iST-PATH is a triple consisting of a graph 
and two vertices. A solution is a sequence of vertices in the graph, with perhaps 
the empty sequence denoting that no path>exists. The problem SHORTEST-PATH 
itself is the relation that associates each instance of a graph and two vertices with 
a shortest path in the graph that connects teetiyo vertices. Since shortest paths are 
not necessarily unique, a given problem instanceimay have more than one solution. 

This formulation of an abstract problem is^mere general than we need for our 
purposes. As we saw above, the theory of NP-csaWeteness restricts attention to 
decision problems: those having a yes/no solutions In this case, we can view an 
abstract decision problem as a function that maps the instance set / to the solution 
set {0, 1}. For example, a decision problem related to(SHORTEST-PATH is the 
problem PATH that we saw earlier. If i = (G, u, v,k) is arQistance of the decision 
problem PATH, then PATH(z') = 1 (yes) if a shortest patjorom u to v has at 
most k edges, and PATH(z) = 0 (no) otherwise. Many abstract problems are not 
decision problems, but rather optimization problems, which require some value to 
be minimized or maximized. As we saw above, however, we can usually recast an 
optimization problem as a decision problem that is no harder. 



See Hopcroft and Ullman [180] or Lewis and Papadimitriou [236] for a thorough treatment of the 
Turing-machine model. 
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Encodings 

In order for a computer program to solve an abstract problem, we must represent 
^■ffroblem instances in a way that the program understands. An encoding of a set S 
\of .abstract objects is a mapping e from S to the set of binary strings. 2 For example, 
we'aife all familiar with encoding the natural numbers N = {0, 1, 2, 3, 4, . . .} as 
theVongs {0, 1, 10, 11, 100, . . .}. Using this encoding, e(l7) = 10001. If you 
have ioMked at computer representations of keyboard characters, you probably have 
seen th^« iOI code, where, for example, the encoding of A is 1000001. We can 
encode a^pmppund object as a binary string by combining the representations of 
its constitue^parts. Polygons, graphs, functions, ordered pairs, programs— all can 
be encoded as<^hary strings. 

Thus, a compter algorithm that "solves" some abstract decision problem actu- 
ally takes an encoding of a problem instance as input. We call a problem whose 
instance set is the se^ef binary strings a concrete problem. We say that an algo- 
rithm solves a concrete^oblem in time 0(T(n)) if, when it is provided a problem 
instance i of length n =-Aty, the algorithm can produce the solution in 0(T(n)) 
time. 3 A concrete prob\emJ$polynomial-time solvable, therefore, if there exists 
an algorithm to solve it in tm^rO(n k ) for some constant k. 

We can now formally define the complexity class P as the set of concrete deci- 
sion problems that are polynomfaktftne solvable. 

We can use encodings to map abstract problems to concrete problems. Given 
an abstract decision problem Q mapping an instance set / to {0, 1}, an encoding 



e : I — > {0, 1}* can induce a related cWsrete decision problem, which we denote 
by e(Q). 4 If the solution to an abstract\jjKfblem instance i € / is Q(i) € {0, 1}, 
then the solution to the concrete-problem i ice e(i) € {0, 1} is also Q(i). As a 
technicality, some binary strings might repp£©it no meaningful abstract-problem 
instance. For convenience, we shall assume th©any such string maps arbitrarily 
to 0. Thus, the concrete problem produces the sarjfe^soiutions as the abstract prob- 
lem on binary-string instances that represent the encodings of abstract-problem 
instances. 

We would like to extend the definition of polynomiaf-^fie solvability from con- 
crete problems to abstract problems by using encodings as-tffejbridge, but we would 



The codomain of e need not be binary strings; any set of strings over a finite alphabet having at 
least 2 symbols will do. 

3 We assume that the algorithm's output is separate from its input. Because it takes at least one time 
step to produce each bit of the output and the algorithm takes 0(T(n)) time steps, the size of the 
output is 0(T(n)). 

4 We denote by {0, 1}* the set of all strings composed of symbols from the set {0, 1}. 
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like the definition to be independent of any particular encoding. That is, the ef- 
ficiency of solving a problem should not depend on how the problem is encoded. 
•^Unfortunately, it depends quite heavily on the encoding. For example, suppose that 
■afninteger k is to be provided as the sole input to an algorithm, and suppose that 
th^-c^nning time of the algorithm is &(k). If the integer k is provided in unary— & 
string^of k Is— then the running time of the algorithm is 0{n) on length-« inputs, 
whicfr^cpolynomial time. If we use the more natural binary representation of the 
integer K /(however, then the input length is n = [lgk\ + 1. In this case, the run- 
ning time qjAe algorithm is @(k) = 9(2"), which is exponential in the size of the 
input. Thus^ciepending on the encoding, the algorithm runs in either polynomial 
or superpolyn&mial time. 

How we encode an abstract problem matters quite a bit to how we understand 
polynomial time. Wepannot really talk about solving an abstract problem without 
first specifying an encoding. Nevertheless, in practice, if we rule out "expensive" 
encodings such as unaX^ ones, the actual encoding of a problem makes little dif- 
ference to whether the problem can be solved in polynomial time. For example, 
representing integers in ba^B instead of binary has no effect on whether a prob- 
lem is solvable in polynomial^tmie, since we can convert an integer represented in 
base 3 to an integer represented^ base 2 in polynomial time. 

We say that a function / : {0,1}* {0, 1}* is polynomial-time computable 
if there exists a polynomial-time algorithm A that, given any input x € {0, 1}*, 
produces as output f(x). For some se^^of problem instances, we say that two en- 
codings e\ and e 2 are polynomially relateTfyi there exist two polynomial-time com- 
putable functions f u and f 2 \ such that iOT-any i 6 /, we have f\ 2 {e\{i)) = e 2(0 
and f 2 i(e 2 (i)) — ei(i)- 5 That is, a polynomiaKii m e algorithm can compute the en- 
coding e 2 (i ) from the encoding e\{i), and vicVyfersa. If two encodings e\ and e 2 of 
an abstract problem are polynomially related, whether the problem is polynomial- 
time solvable or not is independent of which encopHig we use, as the following 
lemma shows. ^ 

• 

Lemma 34.1 

Let Q be an abstract decision problem on an instance seG* and let e\ and e 2 be 
polynomially related encodings on /. Then, ei(Q) e P if antHinly if e 2 (Q) e P. 



technically, we also require the functions f\% and f 2 \ to "map noninstances to noninstances." 
A noninstance of an encoding e is a string x e {0, 1}* such that there is no instance ( for which 
e(i) = x. We require that f\ 2 (x) = y for every noninstance x of encoding e\, where y is some non- 
instance of e 2 , and that f 2 \ (x') = y' for every noninstance x' of e 2 , where y' is some noninstance 
of e\. 
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Proof We need only prove the forward direction, since the backward direction is 
symmetric. Suppose, therefore, that ei(Q) can be solved in time 0(n k ) for some 
^\ constant k. Further, suppose that for any problem instance i, the encoding e\(i) 
v-nan be computed from the encoding e 2 (i) in time 0(n c ) for some constant c, where 
J ^2 (01- To solve problem e 2 (Q), on input e 2 (i), we first compute e\(i) and 
fhe^un the algorithm for ei(Q) on ei(i). How long does this take? Converting 
encodings takes time 0(n c ), and therefore |ei(0l = 0(n°), since the output of 
a serial/computer cannot be longer than its running time. Solving the problem 
on e\(i raises time 0{\e\(i)\ k ) = 0(n ck ), which is polynomial since both c and k 
are constants^* ■ 

Thus, whetK^r 1 an abstract problem has its instances encoded in binary or base 3 
does not affect mplexity," that is, whether it is polynomial-time solvable or 

not; but if instance^are^encoded in unary, its complexity may change. In order to 
be able to converse rJ^a*n encoding-independent fashion, we shall generally assume 
that problem instances (tirte encoded in any reasonable, concise fashion, unless we 
specifically say otherwisqj^ib be precise, we shall assume that the encoding of an 
integer is polynomially rela^S to its binary representation, and that the encoding of 
a finite set is polynomially rel^d to its encoding as a list of its elements, enclosed 
in braces and separated by commas. (ASCII is one such encoding scheme.) With 
such a "standard" encoding in haj^d^ we can derive reasonable encodings of other 
mathematical objects, such as tuples^a^aphs, and formulas. To denote the standard 
encoding of an object, we shall enclose the object in angle braces. Thus, (G) 
denotes the standard encoding of a grapiyG. 

As long as we implicitly use an encwmc that is polynomially related to this 
standard encoding, we can talk directly abom^bstract problems without reference 
to any particular encoding, knowing that tHe\Moice of encoding has no effect on 
whether the abstract problem is polynomial-tiiW solvable. Henceforth, we shall 
generally assume that all problem instances are sinary strings encoded using the 
standard encoding, unless we explicitly specify the contrary. We shall also typically 
neglect the distinction between abstract and concrete ^r^blems. You should watch 
out for problems that arise in practice, however, in wh@ a standard encoding is 
not obvious and the encoding does make a difference. v ^> 

A formal-language framework 

By focusing on decision problems, we can take advantage of the machinery of 
formal-language theory. Let's review some definitions from that theory. An 
alphabet E is a finite set of symbols. A language L over E is any set of 
strings made up of symbols from E. For example, if E = {0, 1}, the set 
L = {10, 11, 101, 111, 1011, 1101, 10001, . . .} is the language of binary represen- 
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tations of prime numbers. We denote the empty string by e, the empty language 
by 0, and the language of all strings over E by E*. For example, if E = {0, 1}, 
\jthen E* = {£, 0, 1, 00, 01, 10, 1 1, 000, . . .} is the set of all binary strings. Every 
■language L over E is a subset of E*. 

Mfe can perform a variety of operations on languages. Set-theoretic operations, 
suctv^S) union and intersection, follow directly from the set-theoretic definitions. 
We demra the complement of L by L = E* — L. The concatenation L\L 2 of two 
languages^! and L 2 is the language 

L = {xiX2\jki e L\ and x 2 e L 2 } . 
V' 

The closure or lpqene star of a language L is the language 
L* = {£} U L U t£u L 3 U ••• , 

where L fc is the lang'toge obtained by concatenating L to itself k times. 

From the point of language theory, the set of instances for any decision 

problem Q is simply fheQet^E*, where E = {0, 1}. Since Q is entirely character- 
ized by those problem inst&pc'es that produce a 1 (yes) answer, we can view Q as 
a language L over E = {0, lj, where 

(S> 

L = {x e E* : Q(x) = 1} . v 

For example, the decision problem "S^JTH has the corresponding language 

PATH = {(G, u,v,k) : G = (V, E) ls^anaindirected graph, 
u, v € V, 

k > 0 is an integsrr%d 

there exists a path fremo; to v in G 

consisting of at most weaves} . 

(Where convenient, we shall sometimes use the sam^name— PATH in this case— 
to refer to both a decision problem and its corresponding language.) 

The formal-language framework allows us to express^concisely the relation be- 
tween decision problems and algorithms that solve tnem. We say that an al- 
gorithm A accepts a string x e {0, 1}* if, given input Ssr^the algorithm's out- 
put A(x) is 1. The language accepted by an algorithm A<&, the set of strings 
L = {x e {0, 1}* : A(x) = 1}, that is, the set of strings that the algorithm accepts. 
An algorithm A rejects a string x if A(x) = 0. 

Even if language L is accepted by an algorithm A, the algorithm will not neces- 
sarily reject a string x $ L provided as input to it. For example, the algorithm may 
loop forever. A language L is decided by an algorithm A if every binary string 
in L is accepted by A and every binary string not in L is rejected by A. A lan- 
guage L is accepted in polynomial time by an algorithm A if it is accepted by A 
and if in addition there exists a constant k such that for any length-n string x e L, 
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algorithm A accepts x in time 0(n k ). A language L is decided in polynomial 
time by an algorithm A if there exists a constant k such that for any length-/? string 
^\ x e {0, 1}*, the algorithm correctly decides whether x e L in time 0(n k ). Thus, 
•Sm accept a language, an algorithm need only produce an answer when provided a 
sjdng in L, but to decide a language, it must correctly accept or reject every string 
rn^l} ■ 

A*s/^n example, the language PATH can be accepted in polynomial time. One 
polynomial-time accepting algorithm verifies that G encodes an undirected graph, 
verifies thatu and v are vertices in G, uses breadth-first search to compute a short- 
est path frtfmaf to v in G, and then compares the number of edges on the shortest 
path obtainea with k. If G encodes an undirected graph and the path found from u 
to v has at most A: edges, the algorithm outputs 1 and halts. Otherwise, the algo- 
rithm runs forever. This algorithm does not decide PATH, however, since it does 
not explicitly output 0 for instances in which a shortest path has more than k edges. 
A decision algorithir^forPATH must explicitly reject binary strings that do not be- 
long to PATH. For a decision problem such as PATH, such a decision algorithm is 
easy to design: instead ofCnAining forever when there is not a path from u to v with 
at most k edges, it outputs (find halts. (It must also output 0 and halt if the input 
encoding is faulty.) For othef^roblems, such as Turing's Halting Problem, there 
exists an accepting algorithm, but no decision algorithm exists. 

We can informally define a complexity class as a set of languages, membership 
in which is determined by a comp^&foty measure, such as running time, of an 
algorithm that determines whether a gj\jen string x belongs to language L. The 
actual definition of a complexity class is/5cvmewhat more technical. 6 

Using this language-theoretic framewrkr^ve can provide an alternative defini- 
tion of the complexity class P: >K^) 

P = {Lc{0,l}*: there exists an algorithm ^4(t^at decides L 
in polynomial time} . 

In fact, P is also the class of languages that can be accepted in polynomial time. 

Theorem 34.2 O . 

P = {L : L is accepted by a polynomial-time algorithm} vp 

Proof Because the class of languages decided by polynomial-time algorithms is 
a subset of the class of languages accepted by polynomial-time algorithms, we 
need only show that if L is accepted by a polynomial-time algorithm, it is de- 
cided by a polynomial-time algorithm. Let L be the language accepted by some 



6 For more on complexity classes, see the seminal paper by Hartmanis and Stearns [162]. 



Chapter 34 NP-Completeness 



polynomial-time algorithm A. We shall use a classic "simulation" argument to 
construct another polynomial-time algorithm A' that decides L. Because A ac- 
^&ents L in time 0(n k ) for some constant k, there also exists a constant c such 
■that A accepts L in at most cn k steps. For any input string x, the algorithm A' 
sirmijates cn k steps of A. After simulating cn k steps, algorithm A' inspects the be- 
havt^r^f A. If A has accepted x, then A' accepts x by outputting a 1. If ^4 has not 
accepte^yc, then A' rejects x by outputting a 0. The overhead of A' simulating A 
does not mcrease the running time by more than a polynomial factor, and thus A' 
is a polynomial-time algorithm that decides L. m 

Note that the^nroof of Theorem 34.2 is nonconstructive. For a given language 
L e P, we may^vat actually know a bound on the running time for the algorithm A 
that accepts L. N&^theless, we know that such a bound exists, and therefore, that 
an algorithm A' exis((sthat can check the bound, even though we may not be able 
to find the algorithm yi^asily. 

<V 

Exercises V* v 

34.1-1 0 

Define the optimization problem LONGEST-PATH-LENGTH as the relation that 
associates each instance of an undirected graph and two vertices with the num- 
ber of edges in a longest simple patn between the two vertices. Define the de- 
cision problem LONGEST-PATH u, v, k) : G = (V, E) is an undi- 
rected graph, u,v € V, k > Ois arr-rateger, and there exists a simple path 
from u to v in G consisting of at least k doges! Show that the optimization prob- 



lem LONGEST-PATH-LENGTH can be soMjLin polynomial time if and only if 
LONGEST-PATH e P. *0 

34.1-2 (\ 

Give a formal definition for the problem of finding tfje longest simple cycle in an 
undirected graph. Give a related decision problem. Giv^Tlje language correspond- 
ing to the decision problem. Q 

34.1-3 

Give a formal encoding of directed graphs as binary strings using an adjacency- 
matrix representation. Do the same using an adjacency-list representation. Argue 
that the two representations are polynomially related. 

34.14 

Is the dynamic -programming algorithm for the 0-1 knapsack problem that is asked 
for in Exercise 16.2-2 a polynomial-time algorithm? Explain your answer. 
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34.1-5 

, Show that if an algorithm makes at most a constant number of calls to polynomial- 
^\ time subroutines and performs an additional amount of work that also takes polyno- 
V'nual time, then it runs in polynomial time. Also show that a polynomial number of 
qaJJs to polynomial-time subroutines may result in an exponential-time algorithm. 

Showxnat the class P, viewed as a set of languages, is closed under union, inter- 
section/concatenation, complement, and Kleene star. That is, if Li, L 2 e P, then 
Lj U L 2 %b , A n L 2 e P, LxL 2 eP, I,e P, and L* e P. 

\ 

34.2 Polynomial-time veril ion 

We now look at algor^fms that verify membership in languages. For example, 
suppose that for a given (tfktance (G, u, v, k) of the decision problem PATH, we 
are also given a path p frona^i to v. We can easily check whether p is a path in G 
and whether the length of p is^M most k, and if so, we can view p as a "certificate" 
that the instance indeed belongs to PATH. For the decision problem PATH, this 
certificate doesn't seem to buy us^uch. After all, PATH belongs to P— in fact, 
we can solve PATH in linear time^-ahd so verifying membership from a given 
certificate takes as long as solving th6prqblem from scratch. We shall now examine 
a problem for which we know of no psivnomial-time decision algorithm and yet, 
given a certificate, verification is easy. 

Hamiltonian cycles % 

The problem of finding a hamiltonian cycle in an(lrndirected graph has been stud- 
ied for over a hundred years. Formally, a hamiltonicqi cycle of an undirected graph 
G = (V, E) is a simple cycle that contains each ver(€^,in V . A graph that con- 
tains a hamiltonian cycle is said to be hamiltonian; oth^wise, it is nonhamilto- 
nian. The name honors W. R. Hamilton, who described *^nathematical game on 
the dodecahedron (Figure 34.2(a)) in which one player sticks five pins in any five 
consecutive vertices and the other player must complete the path to form a cycle 
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(b) 



Figure 34.2 (a) A graph representing the vertices, edges, and faces of a dodecahedron, with a 
hamiltonian cycle shown by shacfcoedges. (b) A bipartite graph with an odd number of vertices. 
Any such graph is nonhamiltonian. \ 

0 

containing all the vertices. 7 The dodgfcahedron is hamiltonian, and Figure 34.2(a) 
shows one hamiltonian cycle. NotwJ graphs are hamiltonian, however. For ex- 
ample, Figure 34.2(b) shows a bipartite graph with an odd number of vertices. 
Exercise 34.2-2 asks you to show that alQich graphs are nonhamiltonian. 

We can define the hamiltonian-cycle j^^lem, "Does a graph G have a hamil- 
tonian cycle?" as a formal language: 

HAM-CYCLE = {(G) : G is a hamiltonian griff 

How might an algorithm decide the language HAj^CYCLE? Given a problem 
instance (G), one possible decision algorithm lists alUpermutations of the vertices 
of G and then checks each permutation to see if it is a ^ajniltonian path. What is 
the running time of this algorithm? If we use the "reasonaljfl^" encoding of a graph 
as its adjacency matrix, the number m of vertices in the g*©h is Q(^/n), where 
n = |(G) | is the length of the encoding of G. There are m\ possible permutations 



In a letter dated 17 October 1856 to his friend John T. Graves, Hamilton [157, p. 624] wrote, "I 
have found that some young persons have been much amused by trying a new mathematical game 
which the Icosion furnishes, one person sticking five pins in any five consecutive points . . . and the 
other player then aiming to insert, which by the theory in this letter can always be done, fifteen other 
pins, in cyclical succession, so as to cover all the other points, and to end in immediate proximity to 
the pin wherewith his antagonist had begun." 
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of the vertices, and therefore the running time is = £2(*/n !) = £2(2^'"), 

which is not 0(n k ) for any constant k. Thus, this naive algorithm does not run 
in polynomial time. In fact, the hamiltonian-cycle problem is NP-complete, as we 
v-sjiall prove in Section 34.5. 

\i 

Venpcation algorithms 

ConsM&\a slightly easier problem. Suppose that a friend tells you that a given 
graph CM^sJiamiltonian, and then offers to prove it by giving you the vertices in 
order alongaha hamiltonian cycle. It would certainly be easy enough to verify the 
proof: simpty verify that the provided cycle is hamiltonian by checking whether 
it is a permutation of the vertices of V and whether each of the consecutive edges 
along the cycle ^ajrually exists in the graph. You could certainly implement this 
verification algorittyn to run in 0(n 2 ) time, where n is the length of the encoding 
of G. Thus, a proois^nat a hamiltonian cycle exists in a graph can be verified in 
polynomial time. 

We define a verificatioffplgorithm as being a two-argument algorithm A, where 
one argument is an ordinary^mput string x and the other is a binary string y called 
a certificate. A two-argument^Jgorithm A verifies an input string x if there exists 
a certificate y such that A(x,y^ = 1. The language verified by a verification 
algorithm A is 

L = {x e {0, 1}* : there exists y e\tj^l}* such that A(x, y) = 1} . 

Intuitively, an algorithm A verifies a kthguage L if for any string x e L, there 
exists a certificate y that A can use to pro^tiiat x € L. Moreover, for any string 
x $ L, there must be no certificate provin^that x e L. For example, in the 
hamiltonian-cycle problem, the certificate is nie-Jist of vertices in some hamilto- 
nian cycle. If a graph is hamiltonian, the hairrmp^ian cycle itself offers enough 
information to verify this fact. Conversely, if a^graph is not hamiltonian, there 
can be no list of vertices that fools the verification a%orithm into believing that the 
graph is hamiltonian, since the verification algorithm carefully checks the proposed 
"cycle" to be sure. ^<^> 
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'he complexity class NP is the class of languages that can be verified by a poly- 
Wfnial-time algorithm. 8 More precisely, a language L belongs to NP if and only if 
th&r^ exist a two-input polynomial-time algorithm A and a constant c such that 

L =*^S e {0, 1}* : there exists a certificate y with \y\ = 0(|x| e ) 
0 such that A(x, y) = 1} . 

We say tl(S^lgorithm A verifies language L in polynomial time. 

From our ^earlier discussion on the hamiltonian-cycle problem, we now see that 
HAM-CYCO$ e^NP. (It is always nice to know that an important set is nonempty.) 
Moreover, if L^^pP, then L € NP, since if there is a polynomial-time algorithm 
to decide L, the algorithm can be easily converted to a two-argument verification 
algorithm that simplj(ignores any certificate and accepts exactly those input strings 
it determines to be in i^Thus, P C NP. 

It is unknown whethei^ = NP, but most researchers believe that P and NP are 
not the same class. IntuitiV(Clt)(, the class P consists of problems that can be solved 
quickly. The class NP consi^ of problems for which a solution can be verified 
quickly. You may have learne^fom experience that it is often more difficult to 
solve a problem from scratch than to verify a clearly presented solution, especially 
when working under time constraint^ Theoretical computer scientists generally 
believe that this analogy extends to trie cf&sses P and NP, and thus that NP includes 
languages that are not in P. ^ ^ 

There is more compelling, though nor-cenclusive, evidence that P ^ NP— the 
existence of languages that are "NP-comptdL" We shall study this class in Sec- 
tion 34.3. U*> 

Many other fundamental questions beyoncKmg P ^ NP question remain unre- 
solved. Figure 34.3 shows some possible scenarios) .Despite much work by many 
researchers, no one even knows whether the clas^NP is closed under comple- 
ment. That is, does L e NP imply L € NP? We can» define the complexity class 
co-NP as the set of languages L such that L € NP. W^fcan restate the question 
of whether NP is closed under complement as whether H2)= co-NP. Since P is 
closed under complement (Exercise 34.1-6), it follows frotf^fixercise 34.2-9 that 
P C NP fl co-NP. Once again, however, no one knows whether P = NP D co-NP 
or whether there is some language in NP fl co-NP — P. 



The name "NP" stands for "nondeterministic polynomial time." The class NP was originally studied 
in the context of nondeterminism, but this book uses the somewhat simpler yet equivalent notion of 
verification. Hopcroft and Ullman [180] give a good presentation of NP-completeness in terms of 
nondeterministic models of computation. 
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(b) 




(d) 



Figure 34.3 Four possibilities for relationships among complexity classes. In each diagram, one 
region enclosing another indi&ites a proper-subset relation, (a) P = NP = co-NP. Most researchers 
regard this possibility as the moil unlikely, (b) If NP is closed under complement, then NP = co-NP, 
but it need not be the case that P^WP. (c) P = NP n co-NP, but NP is not closed under complement, 
(d) NP 7^ co-NP and P ^ NP n oq-NP. Most researchers regard this possibility as the most likely. 

® 

Thus, our understanding of tReo^ecise relationship between P and NP is woe- 
fully incomplete. Nevertheless, even though we might not be able to prove that a 
particular problem is intractable, ifVe can prove that it is NP-complete, then we 
have gained valuable information aboutjk. 



Exercises 



34.2-1 O 

Consider the language GRAPH-IS OMORPHISM^t {(G u G 2 ) : d and G 2 are 
isomorphic graphs}. Prove that GRAPH-ISOMORPHISM 6 NP by describing a 
polynomial-time algorithm to verify the language. 

34.2-2 O, 

Prove that if G is an undirected bipartite graph with an 0$d number of vertices, 
then G is nonhamiltonian. 



34.2-3 

Show that if HAM-CYCLE e P, then the problem of listing the vertices of a 
hamiltonian cycle, in order, is polynomial-time solvable. 



Chapter 34 NP-Completeness 



34.2-4 

Prove that the class NP of languages is closed under union, intersection, concate- 
•^jh^ion, and Kleene star. Discuss the closure of NP under complement. 

Sh(SLh at any language in NP can be decided by an algorithm running in 
time f° r some constant k. 

34.2-6 Q 

A hamilton\p>n jyath in a graph is a simple path that visits every vertex exactly 
once. Show t^a\ the language HAM-PATH = {(G,u,v) : there is a hamiltonian 
path from u to tfm graph G} belongs to NP. 

34.2-7 A 

Show that the haminoman-path problem from Exercise 34.2-6 can be solved in 
polynomial time on directed acyclic graphs. Give an efficient algorithm for the 
problem. ^ 

34.2-8 

Let 0 be a boolean formula constructed from the boolean input variables X\,x 2 , 
. . . , Xk, negations (->), ANDs (a)» ORs (v), and parentheses. The formula <p is a 
tautology if it evaluates to 1 for eve^^ssignment of 1 and 0 to the input variables. 
Define TAUTOLOGY as the languag^^f boolean formulas that are tautologies. 
Show that TAUTOLOGY 6 co-NP. Q 

34.2-9 vS> 

Prove that P C co-NP. 

34.2-10 O 

Prove that if NP ^ co-NP, then P ^ NP. O 

34.2-11 * Q 

Let G be a connected, undirected graph with at least 3 ve^ti^es, and let G 3 be the 
graph obtained by connecting all pairs of vertices that are cojrfnected by a path in G 
of length at most 3. Prove that G 3 is hamiltonian. {Hint: Construct a spanning tree 
for G, and use an inductive argument.) 
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34.3 Nf-completeness and reducibility 

'^perhaps the most compelling reason why theoretical computer scientists believe 
tq&P ^ NP comes from the existence of the class of "NP-complete" problems. 
ThiQclass has the intriguing property that if any NP-complete problem can be 
solve^n polynomial time, then every problem in NP has a polynomial-time solu- 
tion, thtfOs, P = NP. Despite years of study, though, no polynomial-time algorithm 
has everoe^i discovered for any NP-complete problem. 

The lang^iage HAM-CYCLE is one NP-complete problem. If we could decide 
HAM-CYCLF>%i polynomial time, then we could solve every problem in NP in 
polynomial tiitfe. rtn fact, if NP — P should turn out to be nonempty, we could say 
with certainty that MAM-CYCLE e NP — P. 

The NP-complere languages are, in a sense, the "hardest" languages in NP. In 
this section, we shalKshaw how to compare the relative "hardness" of languages 
using a precise notion \;ajled "polynomial-time reducibility." Then we formally 
define the NP-complete Wj&mges, and we finish by sketching a proof that one 
such language, called CIR(anT-SAT, is NP-complete. In Sections 34.4 and 34.5, 
we shall use the notion of red^ibility to show that many other problems are NP- 
complete. • > 

As 

Reducibility \ 

Intuitively, a problem Q can be reduced t/T&nother problem Q' if any instance of Q 
can be "easily rephrased" as an instancVoW}', the solution to which provides a 
solution to the instance of Q . For example, jpp^croblem of solving linear equations 
in an indeterminate x reduces to the problem ofjselving quadratic equations. Given 
an instance ax + b = 0, we transform it to Ox^^ax + b = 0, whose solution 
provides a solution to ax + b = 0. Thus, if a^problem Q reduces to another 
problem Q', then Q is, in a sense, "no harder to solfe"_than Q'. 

Returning to our formal-language framework for desiaon problems, we say that 
a language L Y is polynomial-time reducible to a languaW/>2, written L x < P L 2 , 
if there exists a polynomial-time computable function / :<yd, 1}* — > {0, 1}* such 
that for all x e {0, 1}*, 



x € L 1 if and only if f(x) € L 2 . (34.1) 

We call the function / the reduction function, and a polynomial-time algorithm F 
that computes / is a reduction algorithm. 

Figure 34.4 illustrates the idea of a polynomial-time reduction from a lan- 
guage Ly to another language L 2 . Each language is a subset of {0, 1}*. The 
reduction function / provides a polynomial-time mapping such that if x € L i , 
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Figure 34.4 An lfty^tration of a polynomial-time reduction from a language L\ to a language L 2 
via a reduction functi($r^y . For any input x e {0, 1 } * , the question of whether x £ L\ has the same 
answer as the question of-whether f(x) e L 2 . 

then fix) e L 2 . Moreoxer; if x $ L x , then f(x) $ L 2 . Thus, the reduction func- 
tion maps any instance x qf\he decision problem represented by the language L x 
to an instance f(x) of the p^blem represented by L 2 . Providing an answer to 
whether f(x) e L 2 directly prq^bdes the answer to whether x e L\. 

Polynomial-time reductions give us a powerful tool for proving that various lan- 
guages belong to P. 

Lemma 34.3 

If Li,L 2 C {0, 1}* are languages such-that L Y < P L 2 , then L 2 e P implies 

\ 

Proof Let A 2 be a polynomial-time algoritti©that decides L 2 , and let F be a 
polynomial-time reduction algorithm that compu© the reduction function /. We 
shall construct a polynomial-time algorithm A i thal(decides L i . 

Figure 34.5 illustrates how we construct A\. For, a given input x e {0, 1}*, 
algorithm A\ uses F to transform x into f(x), and thei(Tt.uses A 2 to test whether 
f(x) e L 2 . Algorithm A\ takes the output from algorith(ffi)^42 and produces that 
answer as its own output. vO> 

The correctness of A x follows from condition (34.1). The algorithm runs in poly- 
nomial time, since both F and A 2 run in polynomial time (see Exercise 34.1-5). ■ 



NP-completeness 

Polynomial-time reductions provide a formal means for showing that one prob- 
lem is at least as hard as another, to within a polynomial-time factor. That is, if 
L\ <p L 2 , then Lj is not more than a polynomial factor harder than L 2 , which is 
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Figur^^l.5 The proof of Lemma 34.3. The algorithm F is areduction algorithm that computes the 
reductior^tnction / from L\ to L2 in polynomial time, and A2 is a polynomial-time algorithm that 
decides i^AJgorithm A\ decides whether x e L\ by using F to transform any input x into fix) 
and then using Ag?to decide whether f(x) e L2. 

why the "less matt or equal to" notation for reduction is mnemonic. We can now 
define the set of rsP>£omplete languages, which are the hardest problems in NP. 
A language L cS{0 J,}* is NP-complete if 
\ x 

1. L e NP, and (\ 

2. U < P L for every L'< 




If a language L satisfies prop^Tky 2, but not necessarily property 1 , we say that L 
is NP-hard. We also define NPC to be the class of NP-complete languages. 

As the following theorem showtfv NP-completeness is at the crux of deciding 



whether P is in fact equal to NP. 



Theorem 34.4 

If any NP-complete problem is polynomiawime solvable, then P = NP. Equiva- 
lently, if any problem in NP is not polynomiaRime solvable, then no NP-complete 
problem is polynomial-time solvable. <aJ 

Proof Suppose that L e P and also that L <*NPC. For any L' e NP, we 
have L' < P L by property 2 of the definition of,NP-completeness. Thus, by 
Lemma 34.3, we also have that L' e P, which prox^sythe first statement of the 
theorem. Q 

To prove the second statement, note that it is the contrajamjiive of the first state- 
ment. ■ 



It is for this reason that research into the P ^ NP question centers around the 
NP-complete problems. Most theoretical computer scientists believe that P ^ NP, 
which leads to the relationships among P, NP, and NPC shown in Figure 34.6. 
But, for all we know, someone may yet come up with a polynomial-time algo- 
rithm for an NP-complete problem, thus proving that P = NP. Nevertheless, since 
no polynomial-time algorithm for any NP-complete problem has yet been discov- 
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Figure 34jt£vHow most theoretical computer scientists view the relationships among P, NP, 
and NPC. BolO and NPC are wholly contained within NP, and P n NPC = 0. 

ered, a proof tKa^ problem is NP-complete provides excellent evidence that it is 
intractable. \y 

Circuit satisfiability \ „ 

We have defined the notion^of an NP-complete problem, but up to this point, we 
have not actually proved that^y problem is NP-complete. Once we prove that at 
least one problem is NP-comptete, we can use polynomial-time reducibility as a 
tool to prove other problems to oe NP-complete. Thus, we now focus on demon- 
strating the existence of an NP-compfete problem: the circuit-satisfiability prob- 
lem. ^ > 

Unfortunately, the formal proof tnmJhe circuit-satisfiability problem is NP- 
complete requires technical detail beyond-Tbe scope of this text. Instead, we shall 
informally describe a proof that relies on ^rja&sic understanding of boolean combi- 
national circuits. 

Boolean combinational circuits are built frd©boolean combinational elements 
that are interconnected by wires. A boolean con^^iational element is any circuit 
element that has a constant number of boolean input^and outputs and that performs 
a well-defined function. Boolean values are drawn £rom the set {0, 1}, where 0 
represents FALSE and 1 represents TRUE. (^i. 

The boolean combinational elements that we use in the qtR)uit-satisfiability prob- 
lem compute simple boolean functions, and they are knowrfi&s logic gates. Fig- 
ure 34.7 shows the three basic logic gates that we use in the circuit-satisfiability 
problem: the NOT gate (or inverter), the AND gate, and the OR gate. The NOT 
gate takes a single binary input x, whose value is either 0 or 1, and produces a 
binary output z whose value is opposite that of the input value. Each of the other 
two gates takes two binary inputs x and y and produces a single binary output z. 

We can describe the operation of each gate, and of any boolean combinational 
element, by a truth table, shown under each gate in Figure 34.7. A truth table gives 
the outputs of the combinational element for each possible setting of the inputs. For 
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Figure 34.7 fhfe*8 basic logic gates, with binary inputs and outputs. Under each gate is the truth 
table that describe^the gate's operation, (a) The NOT gate, (b) The AND gate, (c) The OR gate. 



VP 



example, the truth tabje* for the OR gate tells us that when the inputs are x = 0 
and y = 1, the output i^lue is z = 1. We use the symbols -■ to denote the NOT 
function, A to denote the AND function, and v to denote the OR function. Thus, 
for example, 0 v 1 = 1. 

We can generalize ANDWdOR gates to take more than two inputs. An AND 
gate's output is 1 if all of its inputs are 1, and its output is 0 otherwise. An OR gate's 
output is 1 if any of its inputs arft L^nd its output is 0 otherwise. 

A boolean combinational circimxoiasists of one or more boolean combinational 
elements interconnected by wires. 5^wire can connect the output of one element 
to the input of another, thereby providing) the output value of the first element as an 
input value of the second. Figure 34.8 ^ws two similar boolean combinational 
circuits, differing in only one gate. Part (a^f the figure also shows the values on 
the individual wires, given the input (x\ =<^t^& = 1, x 3 = 0). Although a single 
wire may have no more than one combinationajF^lement output connected to it, it 
can feed several element inputs. The number of^fement inputs fed by a wire is 
called the fan-out of the wire. If no element output is connected to a wire, the wire 
is a circuit input, accepting input values from an external source. If no element 
input is connected to a wire, the wire is a circuit 0Mif/>lM?7>providing the results of 
the circuit's computation to the outside world. (An inter^afc wire can also fan out 
to a circuit output.) For the purpose of defining the circuiw'satisfiability problem, 
we limit the number of circuit outputs to 1, though in actual hardware design, a 
boolean combinational circuit may have multiple outputs. 

Boolean combinational circuits contain no cycles. In other words, suppose we 
create a directed graph G = (V, E) with one vertex for each combinational element 
and with k directed edges for each wire whose fan-out is k; the graph contains 
a directed edge (u, v) if a wire connects the output of element u to an input of 
element v. Then G must be acyclic. 
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(b) 



Figure 34.8 Two irjsjihces of the circuit-satisfiability problem, (a) The assignment (a'i = 1, 
Xi = 1, A3 = 0) to the inputs of this circuit causes the output of the circuit to be 1. The circuit 
is therefore satisfiable. (D) No* assignment to the inputs of this circuit can cause the output of the 
circuit to be 1. The circuit i&the^fore unsatisfiable. 

A truth assignment for >lean combinational circuit is a set of boolean input 
values. We say that a one-oiitput boolean combinational circuit is satisfiable if it 
has a satisfying assignment: a assignment that causes the output of the circuit 
to be 1. For example, the circuittin Figure 34.8(a) has the satisfying assignment 
(xi = 1, x 2 = 1, x 3 = 0), and so it© satisfiable. As Exercise 34.3-1 asks you to 
show, no assignment of values to X\, jB^fand x 3 causes the circuit in Figure 34.8(b) 
to produce a 1 output; it always produce^), and so it is unsatisfiable. 

The circuit-satisfiability problem is, ^Gljyen a boolean combinational circuit 
composed of AND, OR, and NOT gates, lSfJ^satisfiable?" In order to pose this 
question formally, however, we must agree standard encoding for circuits. 
The size of a boolean combinational circuit is number of boolean combina- 
tional elements plus the number of wires in the circui^We could devise a graphlike 
encoding that maps any given circuit C into a binary string (C) whose length is 
polynomial in the size of the circuit itself. As a formal language, we can therefore 
define ^> q 

CIRCUIT-SAT = {(C) : C is a satisfiable boolean combina^nal circuit} . 

The circuit-satisfiability problem arises in the area of computer-aided hardware 
optimization. If a subcircuit always produces 0, that subcircuit is unnecessary; 
the designer can replace it by a simpler subcircuit that omits all logic gates and 
provides the constant 0 value as its output. You can see why we would like to have 
a polynomial-time algorithm for this problem. 

Given a circuit C, we might attempt to determine whether it is satisfiable by 
simply checking all possible assignments to the inputs. Unfortunately, if the circuit 
has k inputs, then we would have to check up to 2 k possible assignments. When 
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the size of C is polynomial in k, checking each one takes Q(2 k ) time, which is 
superpolynomial in the size of the circuit. 9 In fact, as we have claimed, there is 
strong evidence that no polynomial-time algorithm exists that solves the circuit- 
v'sjatisfiability problem because circuit satisfiability is NP-complete. We break the 
" x of of this fact into two parts, based on the two parts of the definition of NP- 




Jeteness. 
Lemtha<34.5 

The circu^atisfiability problem belongs to the class NP. 

Proof WeMi ah provide a two-input, polynomial-time algorithm A that can verify 
CIRCUIT-SA'vOne of the inputs to A is (a standard encoding of) a boolean com- 
binational circurlj^^The other input is a certificate corresponding to an assignment 
of boolean values iQihe^wires in C. (See Exercise 34.3-4 for a smaller certificate.) 

We construct the ^loritfim A as follows. For each logic gate in the circuit, it 
checks that the value {provided by the certificate on the output wire is correctly 
computed as a function offjjae values on the input wires. Then, if the output of the 
entire circuit is 1, the algor^toi outputs 1, since the values assigned to the inputs 
of C provide a satisfying assi^ment. Otherwise, A outputs 0. 

Whenever a satisfiable circuit^C is input to algorithm A, there exists a certificate 
whose length is polynomial in the^rae of C and that causes A to output a 1 . When- 
ever an unsatisfiable circuit is inpu^jab certificate can fool A into believing that 
the circuit is satisfiable. Algorithm Jrra«s in polynomial time: with a good imple- 
mentation, linear time suffices. Thus, w&-san verify CIRCUIT-SAT in polynomial 
time, and CIRCUIT-SAT e NP. ■ 

The second part of proving that CIRCUH^sXt is NP-complete is to show that 
the language is NP-hard. That is, we must sqoAvthat every language in NP is 
polynomial-time reducible to CIRCUIT-SAT. Tb^actual proof of this fact is full 
of technical intricacies, and so we shall settle for a> sketch of the proof based on 
some understanding of the workings of computer hard^re. 

A computer program is stored in the computer men(io)ry as a sequence of in- 
structions. A typical instruction encodes an operation to +5pk>erformed, addresses 
of operands in memory, and an address where the result is to be stored. A spe- 
cial memory location, called the program counter, keeps track of which instruc- 



9 On the other hand, if the size of the circuit C is 0(2^), then an algorithm whose running time 
is 0(2 k ) has a running time that is polynomial in the circuit size. Even if P ^ NP, this situa- 
tion would not contradict the NP-completeness of the problem; the existence of a polynomial-time 
algorithm for a special case does not imply that there is a polynomial- time algorithm for all cases. 
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tion is to be executed next. The program counter automatically increments upon 
fetching each instruction, thereby causing the computer to execute instructions se- 
^quentially. The execution of an instruction can cause a value to be written to the 
firagram counter, however, which alters the normal sequential execution and allows 
th^pmputer to loop and perform conditional branches. 

Xtsmy point during the execution of a program, the computer's memory holds 
the erftitEv state of the computation. (We take the memory to include the program 
itself, tne^program counter, working storage, and any of the various bits of state 
that a computer maintains for bookkeeping.) We call any particular state of com- 
puter memory ^configuration. We can view the execution of an instruction as 
mapping one configuration to another. The computer hardware that accomplishes 
this mapping caa'rie implemented as a boolean combinational circuit, which we 
denote by M in thsJp^of of the following lemma. 

Lemma 34.6 

The circuit-satisfiability problem is NP-hard. 

Proof Let L be any languageMn NP. We shall describe a polynomial-time algo- 
rithm F computing a reductioijftftmction / that maps every binary string x to a 
circuit C = f(x) such that x e L if and only if C € CIRCUIT-SAT. 

Since L e NP, there must exist^m algorithm A that verifies L in polynomial 
time. The algorithm F that we shaltcpdstruct uses the two-input algorithm A to 
compute the reduction function /. ^ ^ 

Let T(n) denote the worst-case runnirrg^-time of algorithm A on length-/? input 
strings, and let k > 1 be a constant such waT = 0{n k ) and the length of the 
certificate is 0(n k ). (The running time of ^Wsjactually a polynomial in the total 
input size, which includes both an input string ,< aW^ certificate, but since the length 
of the certificate is polynomial in the length n of *theinput string, the running time 
is polynomial in n.) \ 

The basic idea of the proof is to represent the computation of A as a sequence 
of configurations. As Figure 34.9 illustrates, we can brd^each configuration into 
parts consisting of the program for A, the program countdSjjknd auxiliary machine 
state, the input x, the certificate y, and working storage. combinational cir- 
cuit M , which implements the computer hardware, maps each configuration c, to 
the next configuration c, +1 , starting from the initial configuration c 0 . Algorithm A 
writes its output— 0 or 1— to some designated location by the time it finishes ex- 
ecuting, and if we assume that thereafter A halts, the value never changes. Thus, 
if the algorithm runs for at most T(n) steps, the output appeal's as one of the bits 
in c T(n) . 

The reduction algorithm F constructs a single combinational circuit that com- 
putes all configurations produced by a given initial configuration. The idea is to 
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Figure 34.9 The sequence of configurations produced by an algorithmr^running on an input x and 
certificate y. Each configuration represents the state of the computer for one step of the computation 
and, besides A, x, and y, includes the program counter (PC), auxiliary machine state, and working 
storage. Except for the certificate y , the initial configuration cq is constant. A boolean combinational 
circuit M maps each configuration to the next configuration. The output is a distinguished bit in the 
working storage. 
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paste together T(n) copies of the circuit M . The output of the ;th circuit, which 
produces configuration c, , feeds directly into the input of the (z + l)st circuit. Thus, 
•^ftie configurations, rather than being stored in the computer's memory, simply re- 
«iaje as values on the wires connecting copies of M . 

R&call what the polynomial-time reduction algorithm F must do. Given an in- 
put $SyL must compute a circuit C = fix) that is satisfiable if and only if there 
exists^a^ertificate y such that A{x,y) = 1. When F obtains an input x, it first 
computes^ = \x\ and constructs a combinational circuit C consisting of T(n) 
copies of 3WXThe input to C is an initial configuration corresponding to a compu- 
tation on A(yc,v), and the output is the configuration Cj(n). 

Algorithm rajodifies circuit C slightly to construct the circuit C = fix). 
First, it wires thertnputs to C corresponding to the program for A, the initial pro- 
gram counter, the taput x, and the initial state of memory directly to these known 
values. Thus, the osly remaining inputs to the circuit correspond to the certifi- 
cate y. Second, it ignores all outputs from C , except for the one bit of cr(») 
corresponding to the output of A. This circuit C, so constructed, computes 
C(y) = A(x, y) for any ifipfct y of length Oin k ). The reduction algorithm F, 
when provided an input string^, computes such a circuit C and outputs it. 

We need to prove two proper^S^. First, we must show that F correctly computes 
a reduction function /. That is, we must show that C is satisfiable if and only if 
there exists a certificate y such tha^%(x,_y) = 1. Second, we must show that F 
runs in polynomial time. 

To show that F correctly computes a reduction function, let us suppose that there 
exists a certificate y of length Oin k ) sucnpat Aix,y) — 1. Then, if we apply the 
bits of y to the inputs of C, the output oKI*« C(_y) = Aix, y) = 1. Thus, if a 
certificate exists, then C is satisfiable. For Mother direction, suppose that C is 
satisfiable. Hence, there exists an input y to xSsHch that C(y) = 1, from which 
we conclude that Aix, y) = 1. Thus, F correctly^efWputes a reduction function. 

To complete the proof sketch, we need only showShat F runs in time polynomial 
in n = \x\. The first observation we make is that thft number of bits required to 
represent a configuration is polynomial in n. The programlor A itself has constant 
size, independent of the length of its input x. The lengthG^Jhe input x is n, and 
the length of the certificate y is Oin k ). Since the algorithm nrofc for at most Oin k ) 
steps, the amount of working storage required by A is polynomial in n as well. 
(We assume that this memory is contiguous; Exercise 34.3-5 asks you to extend 
the argument to the situation in which the locations accessed by A are scattered 
across a much larger region of memory and the particular pattern of scattering can 
differ for each input x.) 

The combinational circuit M implementing the computer hardware has size 
polynomial in the length of a configuration, which is Oin k )\ hence, the size of M 
is polynomial in n. (Most of this circuitry implements the logic of the memory 
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system.) The circuit C consists of at most t = 0{n k ) copies of M , and hence it 
has size polynomial in n. The reduction algorithm F can construct C from x in 
^\ polynomial time, since each step of the construction takes polynomial time. ■ 

V 

/-^The language CIRCUIT-SAT is therefore at least as hard as any language in NP, 
an^^nce it belongs to NP, it is NP-complete. 

TheoSL34.7 

The cirou^satisfiability problem is NP-complete. 

Proof Imfr^djate from Lemmas 34.5 and 34.6 and from the definition of NP- 
completenesslO ■ 

Exercises C 
34.3-1 X <A 

Verify that the circuit in l^ure 34.8(b) is unsatisfiable. 
34.3-2 ^ 

Show that the < P relation is a^ransitive relation on languages. That is, show that if 
L\ <p L 2 and L 2 <p L 3 , then A x 5>p L 3 . 

34.3-3 _ 

Prove that L < P L if and only if L <p(2^ 

Show that we could have used a satisfying^asaignment as a certificate in an alter- 
native proof of Lemma 34.5. Which certificate-makes for an easier proof? 

34.3-5 

The proof of Lemma 34.6 assumes that the working«storage for algorithm A occu- 
pies a contiguous region of polynomial size. Where ir(tF)e proof do we exploit this 
assumption? Argue that this assumption does not involvQny loss of generality. 

34.3-6 V 

A language L is complete for a language class C with respect to polynomial-time 
reductions if L e C and V < P L for all V € C. Show that 0 and {0, 1}* are the 
only languages in P that are not complete for P with respect to polynomial-time 
reductions. 
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^ 34.3-7 

, Show that, with respect to polynomial-time reductions (see Exercise 34.3-6), L is 



Thejefiuction algorithm F in the proof of Lemma 34.6 constructs the circuit 
C = yfcx) based on knowledge of x, A, and k. Professor Sartre observes that 
the stringer is input to F , but only the existence of A, k, and the constant factor 
implicit ilvme 0(n k ) running time is known to F (since the language L belongs 
to NP), not ^en^acnial values. Thus, the professor concludes that F can't possi- 
bly construct*^ pircuit C and that the language CIRCUIT-SAT is not necessarily 
NP-hard. Explaln-me flaw in the professor's reasoning. 

\' 



34.4 NP-completeness proofs x ^ 



We proved that the circuit-satisfiability problem is NP-complete by a direct proof 
that L < P CIRCUIT-SAT for ey&ry language L € NP. In this section, we shall 
show how to prove that languages are NP-complete without directly reducing every 
language in NP to the given language. We shall illustrate this methodology by 
proving that various formula-satisfiaWit)> problems are NP-complete. Section 34.5 
provides many more examples of the methodology. 

The following lemma is the basis of (Wjriethod for showing that a language is 
NP-complete. 

Lemma 34.8 

If L is a language such that L' < P L for some L'©NPC, then L is NP-hard. If, in 
addition, L e NP, then L e NPC. 

Proof Since L' is NP-complete, for all L" € NP, wq^ave L" < P L' . By sup- 
position, L' < P L, and thus by transitivity (Exercise 34.3^), we have L" < P L, 
which shows that L is NP-hard. If L e NP, we also have L\^IPC. m 

In other words, by reducing a known NP-complete language V to L, we implic- 
itly reduce every language in NP to L. Thus, Lemma 34.8 gives us a method for 
proving that a language L is NP-complete: 

1. Prove L e NP. 



2. Select a known NP-complete language L'. 
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3. Describe an algorithm that computes a function / mapping every instance 
x € {0, 1}* of L' to an instance / (x) of L. 

Prove that the function / satisfies x € V if and only if f(x) e L for all 
\> X €{0,1}*. 

^y^ove that the algorithm computing / runs in polynomial time. 

(Step^-5 show that L is NP-hard.) This methodology of reducing from a sin- 
gle kno^5)i NP-complete language is far simpler than the more complicated pro- 
cess of sh6>ving directly how to reduce from every language in NP. Proving 
CIRCUIT-^S* € NPC has given us a "foot in the door." Because we know that the 
circuit-satisna^fUty problem is NP-complete, we now can prove much more easily 
that other problem^ are NP-complete. Moreover, as we develop a catalog of known 
NP-complete probl^is, we will have more and more choices for languages from 
which to reduce. v* 

Formula satisfiability 

We illustrate the reduction <Qiethodology by giving an NP-completeness proof for 
the problem of determining wither a boolean formula, not a circuit, is satisfiable. 
This problem has the historical honor of being the first problem ever shown to be 
NP-complete. \) 

We formulate the (formula) satisfiability problem in terms of the language SAT 
as follows. An instance of SAT is a bo^an formula </> composed of 

1 . n boolean variables: X\ , x% x n \ 

2. m boolean connectives: any boolean funolkm with one or two inputs and one 
output, such as A (AND), V (OR), -> (NOi>r>p>- (implication), (if and only 
if); and 

3. parentheses. (Without loss of generality, we assurne that there are no redundant 
parentheses, i.e., a formula contains at most one pajf^f parentheses per boolean 
connective.) Q 

We can easily encode a boolean formula 0 in a length that*i^)olynomial in n + m. 
As in boolean combinational circuits, a truth assignment for a boolean formula </> 
is a set of values for the variables of 0, and a satisfying assignment is a truth 
assignment that causes it to evaluate to 1 . A formula with a satisfying assignment 
is a satisfiable formula. The satisfiability problem asks whether a given boolean 
formula is satisfiable; in formal-language terms, 

SAT = {(0) : (p is a satisfiable boolean formula} . 

As an example, the formula 
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<p = {{xi -> x 2 ) v -•((-•x 1 X 3 ) V X 4 )) A ->x 2 

^jas the satisfying assignment (xi = 0, x 2 = 0, x 3 = 1, x 4 = 1), since 

^£)= ((0 -> 0) V -((-0 o 1) V 1)) A -0 (34.2) 
^K(lV-(l V 1)) A 1 
Vil V 0) A 1 

and thus tht^Tprmula 0 belongs to SAT. 

The naive algorithm to determine whether an arbitrary boolean formula is satis- 
fiable does not i^rk in polynomial time. A formula with n variables has 2" possible 
assignments. If rheciength of (<p) is polynomial in n, then checking every assign- 
ment requires £1(2 )Jfyae,, which is superpolynomial in the length of (</>). As the 
following theorem snowg? a polynomial-time algorithm is unlikely to exist. 

Theorem 34.9 >■ > 

Satisfiability of boolean fors^as is NP-complete. 

Proof We start by arguing tha^^KT 6 NP. Then we prove that SAT is NP-hard by 
showing that CIRCUIT-SAT < P SATpby Lemma 34.8, this will prove the theorem. 

To show that SAT belongs to N|^)we show that a certificate consisting of a 
satisfying assignment for an input fos^tvjla (p can be verified in polynomial time. 
The verifying algorithm simply replaces(e^ch variable in the formula with its cor- 
responding value and then evaluates fhe(e^pression, much as we did in equa- 
tion (34.2) above. This task is easy to do in^jolynomial time. If the expression 
evaluates to 1, then the algorithm has verifiedttrk the formula is satisfiable. Thus, 
the first condition of Lemma 34.8 for NP-compIefeiaess holds. 

To prove that SAT is NP-hard, we show that CIRCUIT-SAT < P SAT. In other 
words, we need to show how to reduce any instance of circuit satisfiability to an 
instance of formula satisfiability in polynomial time. >^We can use induction to 
express any boolean combinational circuit as a booleanMomiula. We simply look 
at the gate that produces the circuit output and inductivelvAexpress each of the 
gate's inputs as formulas. We then obtain the formula for the^e'Lrcuit by writing an 
expression that applies the gate's function to its inputs' formulas. 

Unfortunately, this straightforward method does not amount to a polynomial- 
time reduction. As Exercise 34.4-1 asks you to show, shared subformulas— which 
arise from gates whose output wires have fan-out of 2 or more— can cause the 
size of the generated formula to grow exponentially. Thus, the reduction algorithm 
must be somewhat more clever. 

Figure 34.10 illustrates how we overcome this problem, using as an example 
the circuit from Figure 34.8(a). For each wire x, in the circuit C, the formula </> 
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Figure 34.10 ^Re^ucing circuit satisfiability to formula satisfiability. The formula produced by the 
reduction algoritnnrhas a variable for each wire in the circuit. 

has a variable x, . We can now express how each gate operates as a small formula 
involving the variables of its incident wires. For example, the operation of the 
output AND gate is x 1( v*-k (x 7 a x 8 a x 9 ). We call each of these small formulas a 
clause. V^v 

The formula (p produced(by the reduction algorithm is the AND of the circuit- 
output variable with the conjunction of clauses describing the operation of each 
gate. For the circuit in the figure the formula is 

(x 5 ±+ (Xi V X 2 )) Q 

(x 6 -a 4 ) 



Xio A (x 4 o -.x 3 ) 



A 
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A 



A 



(x 7 -O- (Xi A X 2 A x 4 )) 

(x 8 o (x 5 v x 6 )) 
(x 9 (x 6 v x 7 )) 

(x 10 (X 7 A X 8 A X 9 )) 



o 



Given a circuit C, it is straightforward to produce suc(f & formula (p in polynomial 
time. Q 

Why is the circuit C satisfiable exactly when the forms®^) is satisfiable? If C 
has a satisfying assignment, then each wire of the circuit has a well-defined value, 
and the output of the circuit is 1. Therefore, when we assign wire values to 
variables in cp, each clause of 0 evaluates to 1, and thus the conjunction of all 
evaluates to 1. Conversely, if some assignment causes <p to evaluate to 1, the 
circuit C is satisfiable by an analogous argument. Thus, we have shown that 
CIRCUIT-SAT < P SAT, which completes the proof. ■ 
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3-CNF satisfiability 

e can prove many problems NP-complete by reducing from formula satisfiability 
reduction algorithm must handle any input formula, though, and this require- 
ment can lead to a huge number of cases that we must consider. We often prefer 
to raWe from a restricted language of boolean formulas, so that we need to con- 
sider ■fewer cases. Of course, we must not restrict the language so much that it 
become^oolynomial-time solvable. One convenient language is 3-CNF satisfiabil- 
ity, or 3-(Qsfe-SAT. 

We defnie^3-CNF satisfiability using the following terms. A literal in a boolean 
formula is arl^ccurrence of a variable or its negation. A boolean formula is in 
conjunctive norirjjal form, or CNF, if it is expressed as an AND of clauses, each 
of which is the ORjJ^f one or more literals. A boolean formula is in 3-conjunctive 
normal form, or if each clause has exactly three distinct literals. 

For example, the boojfcan formula 

(xi v -cci v ->x 2 ) a (x 3 <y" x 2 v x 4 ) a (— <jci v ->x 3 v ->x 4 ) 



is in 3-CNF. The first of itsThpse clauses is (xi V ->Xi V - , x 2 ), which contains the 
three literals X\, -, x 1 , and -■xY^. 

In 3-CNF-SAT, we are askeo- whether a given boolean formula </> in 3-CNF is 
satisfiable. The following theorerhshows that a polynomial-time algorithm that 
can determine the satisfiability of boolean formulas is unlikely to exist, even when 
they are expressed in this simple normal form. 

o 

Theorem 34.10 

Satisfiability of boolean formulas in 3-conjut^ve normal form is NP-complete. 

Proof The argument we used in the proof of TftBprem 34.9 to show that SAT e 
NP applies equally well here to show that 3-CNF>#&T € NP. By Lemma 34.8, 
therefore, we need only show that SAT < P 3-CNF-SAT. 

We break the reduction algorithm into three basic steps^Each step progressively 
transforms the input formula </> closer to the desired 3 -conjunctive normal form. 

The first step is similar to the one used to prove CIRCUIT-SAT < P SAT in 
Theorem 34.9. First, we construct a binary "parse" tree forme input formula </>, 
with literals as leaves and connectives as internal nodes. Figure 34. 1 1 shows such 
a parse tree for the formula 

4> = ((xi x 2 ) v -■((-'X 1 4* x 3 ) v x 4 )) A ->x 2 ■ (34.3) 

Should the input formula contain a clause such as the OR of several literals, we use 
associativity to parenthesize the expression fully so that every internal node in the 
resulting tree has 1 or 2 children. We can now think of the binary parse tree as a 
circuit for computing the function. 
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Figure 34.11 The tree corresponding to the formula <p = ((xi -*-X2)V~'((,~ , Xi -o-X3)v.T4))a-'A - 2. 

Mimicking the reductioirn^the proof of Theorem 34.9, we introduce a vari- 
able _y, for the output of each internal node. Then, we rewrite the original for- 
mula 0 as the AND of the root variable and a conjunction of clauses describing the 
operation of each node. For the fosauhj (34.3), the resulting expression is 

0' = yi A Oi -o- O2 A ->x 2 )) Q 

(j>2 (.V3 v V4)) 
0>3 (Xl -> X 2 )) 



A 
A 

A (j 4 -.y 5 ) 

A Os Oe V x 4 )) 

A (j 6 (-"Xi x 3 )) . 



Observe that the formula </>' thus obtained is a conjunction of clauses each of 
which has at most 3 literals. The only requirement thaQ^e might fail to meet is 
that each clause has to be an OR of 3 literals. vO 

The second step of the reduction converts each clause <f>' t into conjunctive normal 
form. We construct a truth table for (p- by evaluating all possible assignments to 
its variables. Each row of the truth table consists of a possible assignment of the 
variables of the clause, together with the value of the clause under that assignment. 
Using the truth-table entries that evaluate to 0, we build a formula in disjunctive 
normal form (or DNF)— an OR of ANDs— that is equivalent to — , <f>' i . We then 
negate this formula and convert it into a CNF formula <p" by using DeMorgan's 
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th table for the clause (y\ (y 2 A —•X^j). 




to complement all literals, change ORs into ANDs, and change ANDs into ORs. 

In our example, we convert^^ clause <p[ = (yi ^> (y 2 A - | X 2 )) into CNF 
as follows. The truth table for q>[ appears in Figure 34.12. The DNF formula 
equivalent to -•<(>[ is 



•<5 



Ol A J 2 A X 2 ) V (ji A -._y 2 A X 2 ) V 



Ql 



V 2 A ->X 2 ) V (->Ji A J 2 A -.X 2 ) . 



Negating and applying DeMorgan's laws,^w^get the CNF formula 

4>i = (ryi v v ^ x 2) a (ryi v j 2 t5**2) 

A (-Ji v J 2 v X 2 ) A (j! v -j 2 v 

which is equivalent to the original clause (p[ . s\ 

At this point, we have converted each clause </>■ of the formula </>' into a CNF 
formula </>■', and thus <p' is equivalent to the CNF formula </>" consisting of the 
conjunction of the <p" . Moreover, each clause of <p" has at most 3 literals. 

The third and final step of the reduction further transforms, the formula so that 
each clause has exactly 3 distinct literals. We construct the firf£?3-CNF formula (p'" 
from the clauses of the CNF formula </>" '. The formula </>"' also uses two auxiliary 
variables that we shall call p and q. For each clause C, of <p", we include the 
following clauses in 0"' : 

• If C, has 3 distinct literals, then simply include C, as a clause of (p'" . 

• If C, has 2 distinct literals, that is, if C, = (li V / 2 ), where h and / 2 are literals, 
then include {l x V l 2 V /?) A (/i V / 2 V ->p) as clauses of </>"'. The literals 
/> and -■ p merely fulfill the syntactic requirement that each clause of </>"' has 
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exactly 3 distinct literals. Whether p = 0 or p = 1, one of the clauses is 
equivalent to l\ V / 2 , and the other evaluates to 1, which is the identity for AND. 

If C, has just 1 distinct literal /, then include (/ V p V q) A (/ V p V -<q) A 
\P (/ V —>p V q) A (/ V -1/7 V -></) as clauses of </>"'. Regardless of the values of p 
I one of the four clauses is equivalent to /, and the other 3 evaluate to 1. 



Wmn see that the 3-CNF formula (p'" is satisfiable if and only if </> is satisfiable 
by inspecting each of the three steps. Like the reduction from CIRCUIT-SAT to 
SAT, the construction of cp' from </> in the first step preserves satisfiability. The 
second step produces a CNF formula <p" that is algebraically equivalent to <p' . The 
third step produces a 3-CNF formula cp"' that is effectively equivalent to </>", since 
any assignmenrto the variables p and q produces a formula that is algebraically 
equivalent to <p">J 

We must also sh&w th^t the reduction can be computed in polynomial time. Con- 
structing <p' from <p luces at most 1 variable and 1 clause per connective in <p. 
Constructing <p" from can introduce at most 8 clauses into </>" for each clause 
from <p' , since each clau^>of (p' has at most 3 variables, and the truth table for 
each clause has at most 2 3 ^8 rows. The construction of <p"' from <p" introduces 
at most 4 clauses into </>"' fo^ach clause of <p" . Thus, the size of the resulting 
formula <p"' is polynomial in the, length of the original formula. Each of the con- 
structions can easily be accomplisjled in polynomial time. 

Exercises 
34.4-1 

Consider the straightforward (nonpolynomrtfUtime) reduction in the proof of The- 
orem 34.9. Describe a circuit of size n thar; wpen converted to a formula by this 
method, yields a formula whose size is exponerWk^n n. 

34.4-2 . 

Show the 3-CNF formula that results when we use th^method of Theorem 34.10 
on the formula (34.3). Q 

34.4-3 

Professor Jagger proposes to show that SAT < P 3-CNF-SAT by using only the 
truth-table technique in the proof of Theorem 34.10, and not the other steps. That 
is, the professor proposes to take the boolean formula </>, form a truth table for 
its variables, derive from the truth table a formula in 3-DNF that is equivalent 
to -i0, and then negate and apply DeMorgan's laws to produce a 3-CNF formula 
equivalent to (p. Show that this strategy does not yield a polynomial-time reduction. 
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^ 34.4-4 

, Show that the problem of determining whether a boolean formula is a tautology is 
Complete for co-NP. {Hint: See Exercise 34.3-7.) 

Show^nat the problem of determining the satisfiability of boolean formulas in dis- 
junctK^normal form is polynomial-time solvable. 

34.4-6 0 

Suppose thfipsomeone gives you a polynomial-time algorithm to decide formula 
satisfiability, ^escribe how to use this algorithm to find satisfying assignments in 
polynomial timsrT) 

34.4-7 

Let 2-CNF-SAT be the set of satisfiable boolean formulas in CNF with exactly 2 
literals per clause. Show tja^it 2-CNF-SAT € P. Make your algorithm as efficient as 
possible. (Hint: ObserveShai x V y is equivalent to —>x —>■ y. Reduce 2-CNF-SAT 
to an efficiently solvable prabl^m on a directed graph.) 

0 



34.5 NP-complete problems **^) 



NP-complete problems arise in diverse d@iains: boolean logic, graphs, arithmetic, 
network design, sets and partitions, storag^^nd retrieval, sequencing and schedul- 
ing, mathematical programming, algebra and^ijumber theory, games and puzzles, 
automata and language theory, program optimization, biology, chemistry, physics, 
and more. In this section, we shall use the reduction methodology to provide NP- 
completeness proofs for a variety of problems dray^ from graph theory and set 
partitioning. 

Figure 34.13 outlines the structure of the NP-compl*te«ess proofs in this section 
and Section 34.4. We prove each language in the figure-tp be NP-complete by 
reduction from the language that points to it. At the root iV^RCUIT-SAT, which 
we proved NP-complete in Theorem 34.7. 



34.5.1 The clique problem 

A clique in an undirected graph G = (V, E) is a subset V C V of vertices, each 
pair of which is connected by an edge in E. In other words, a clique is a complete 
subgraph of G. The size of a clique is the number of vertices it contains. The 
clique problem is the optimization problem of finding a clique of maximum size in 
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Figure 34.13 The structun 
mately follow by reduction fro' 



•IP-completeness proofs in Sections 34.4 and 34.5. All proofs ulti- 
>NP-completeness of CIRCUIT-SAT. 



a graph. As a decision probleS^ we ask simply whether a clique of a given size k 
exists in the graph. The formal deflation is 

CLIQUE = {{G, k) : G is a graph qojrfaining a clique of size k} . 

A naive algorithm for determining @ether a graph G = (V, E) with \ V\ ver- 
tices has a clique of size k is to list aVJ^ksubsets of V , and check each one to 
see whether it forms a clique. The runnuxgjtime of this algorithm is £l(k 2 (^)), 
which is polynomial if k is a constant. In ge^^l, however, k could be near | V\ /2, 
in which case the algorithm runs in superpol}(^mial time. Indeed, an efficient 
algorithm for the clique problem is unlikely to exisK 



Theorem 34.11 ^-n 
The clique problem is NP-complete. ^ q 

Proof To show that CLIQUE e NP, for a given graph (V, E), we use the 
set V C V of vertices in the clique as a certificate for G. We can check whether V 
is a clique in polynomial time by checking whether, for each pair u, v 6 V, the 
edge (w, v) belongs to E. 

We next prove that 3-CNF-SAT < P CLIQUE, which shows that the clique prob- 
lem is NP-hard. You might be surprised that we should be able to prove such a 
result, since on the surface logical formulas seem to have little to do with graphs. 

The reduction algorithm begins with an instance of 3-CNF-SAT. Let <p = 
Ci A C 2 A ■ ■ ■ A C/t be a boolean formula in 3-CNF with k clauses. For r = 
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Ci = Xl V -.X 2 V -..V 3 




C 2 = -<Xi V ,V 2 V X\ i*X 2 UT/ _><T \ \ X 2 C 3 = Xi V X 2 V A' 3 



Figure 34.14 The graph G derived from the 3-CNF formula <p = C\ A C2 A C3, where Ci = 
(x\ V -1.V2 V ->X3), C2 = h-iiViV/ x 3 ), and C3 = (xi V X2 V X3), in reducing 3-CNF-SAT to 
CLIQUE. A satisfying assignments the formula has X2 = 0, X3 = 1, and x\ either 0 or 1. This 
assignment satisfies Ci with -u - 2, an(^) satisfies C2 and C3 with X3, corresponding to the clique 
with lightly shaded vertices. 

1, 2, . . . , k, each clause C r has exactly^hree distinct literals /[, /£, and /j . We shall 
construct a graph G such that 0 is satisfi^B)e if and only if G has a clique of size k. 

We construct the graph G = {V,E^^ follows. For each clause C r = 
(/[ V lj V /j) in </>, we place a triple of vertfijes v[, v r 2 , and into K. We put 
an edge between two vertices vf and vj if both^Rthe following hold: 

v[ and vj are in different triples, that is, r ^ Ond 
• their corresponding literals are consistent, that is; If is not the negation of / •. 

We can easily build this graph from <p in polynomial ti@: As an example of this 
construction, if we have O 

0 = (JCi V ->X 2 V -1X3) A (-iX x V X 2 V X 3 ) A (X! v x 2 V Xs/^ 

then G is the graph shown in Figure 34.14. 

We must show that this transformation of </> into G is a reduction. First, suppose 
that 4> has a satisfying assignment. Then each clause C r contains at least one 
literal If that is assigned 1 , and each such literal corresponds to a vertex vf . Picking 
one such "true" literal from each clause yields a set V of k vertices. We claim that 
V is a clique. For any two vertices vf, e V, where r ^ s, both corresponding 
literals If and tt map to 1 by the given satisfying assignment, and thus the literals 
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cannot be complements. Thus, by the construction of G, the edge (vf, vp belongs 
to E. 

Conversely, suppose that G has a clique V of size k. No edges in G connect 
Vertices in the same triple, and so V contains exactly one vertex per triple. We can 
as|jgn 1 to each literal l\ such that v\ e V without fear of assigning 1 to both a 
lit^m and its complement, since G contains no edges between inconsistent literals. 
Eacri/«^fluse is satisfied, and so (p is satisfied. (Any variables that do not correspond 
to a ver^ in the clique may be set arbitrarily.) ■ 



In the esrample of Figure 34.14, a satisfying assignment of </> has x 2 = 0 and 
x 3 = 1. A cwrgsponding clique of size k = 3 consists of the vertices correspond- 
ing to —>X2 froijrthe first clause, X3 from the second clause, and X3 from the third 
clause. Because^tSexlique contains no vertices corresponding to either X\ or -cci, 
we can set X\ to ei(per 0 or 1 in this satisfying assignment. 

Observe that in disproof of Theorem 34. 1 1 , we reduced an arbitrary instance 
of 3-CNF-SAT to an ij(sfknce of CLIQUE with a particular structure. You might 
think that we have show(£pnly that CLIQUE is NP-hard in graphs in which the 
vertices are restricted to oc^fJr in triples and in which there are no edges between 
vertices in the same triple. In^ed, we have shown that CLIQUE is NP-hard only 
in this restricted case, but this proof suffices to show that CLIQUE is NP-hard in 
general graphs. Why? If we had a^palynomial-time algorithm that solved CLIQUE 
on general graphs, it would also soTvej£LIQUE on restricted graphs. 

The opposite approach— reducing instances of 3-CNF-SAT with a special struc- 
ture to general instances of CLIQUE-^ivould not have sufficed, however. Why 
not? Perhaps the instances of 3-CNFNSRfc. that we chose to reduce from were 
"easy," and so we would not have reduced ariNP-hard problem to CLIQUE. 

Observe also that the reduction used themstance of 3-CNF-SAT, but not the 
solution. We would have erred if the polynoWajUtime reduction had relied on 
knowing whether the formula <f> is satisfiable, sincte we do not know how to decide 
whether <j> is satisfiable in polynomial time. • 

o 

34.5.2 The vertex-cover problem v-^i 

A vertex cover of an undirected graph G = (V, E) is a subset V C V such that 
if (u, v) 6 E, then u € V or v € V (or both). That is, each vertex "covers" its 
incident edges, and a vertex cover for G is a set of vertices that covers all the edges 
in E. The size of a vertex cover is the number of vertices in it. For example, the 
graph in Figure 34.15(b) has a vertex cover {w, z} of size 2. 

The vertex-cover problem is to find a vertex cover of minimum size in a given 
graph. Restating this optimization problem as a decision problem, we wish to 
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(b) 



Figure 34.15 Redstfinfi CLIQUE to VERTEX-COVER, (a) An undirected graph G = (V, E) with 
clique V' = {u, v, x, XP-lb) The graph G produced by the reduction algorithm that has vertex cover 
V -V' = {w,z}. 

<*. 

determine whether a gra]$phas a vertex cover of a given size L Asa language, we 
define 0> 

VERTEX-COVER = {{G, A;) : /graph G has a vertex cover of size k} . 



The following theorem shows that fhij> problem is NP-complete. 



Theorem 34.12 

The vertex-cover problem is NP-compfe^ 



)veiL 



Proof We first show that VERTEX-COVERc^ NP. Suppose we are given a graph 
G = (V, E) and an integer k. The certificate vve^hoose is the vertex cover V C V 
itself. The verification algorithm affirms that and then it checks, for each 



We can^isily verify the certificate in 



edge (u, v) e that u e V or v e V 
polynomial time. 

We prove that the vertex-cover problem is NP-hard By showing that CLIQUE < P 
VERTEX-COVER. This reduction relies on the notion\)fthe "complement" of a 
graph. Given an undirected graph G = (V, E), we defiikDhe complement of G 
as G = (V, E), where E = {(u, v) : u, v € V, u ^ v, ana<(p, v) $ E}. In other 
words, G is the graph containing exactly those edges that are not in G. Figure 34. 15 
shows a graph and its complement and illustrates the reduction from CLIQUE to 
VERTEX-COVER. 

The reduction algorithm takes as input an instance {G,k} of the clique problem. 
It computes the complement G, which we can easily do in polynomial time. The 
output of the reduction algorithm is the instance (G, \ V\ — k) of the vertex-cover 
problem. To complete the proof, we show that this transformation is indeed a 
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reduction: the graph G has a clique of size k if and only if the graph G has a vertex 
cover of size \ V\ — k. 

Suppose that G has a clique V c V with | V'\ = k. We claim that V — V is a 
V'wertex cover in G. Let (u, v) be any edge in E. Then, (u, v) $ E, which implies 
at least one of u or v does not belong to V , since every pair of vertices in V is 
contracted by an edge of E. Equivalently, at least one of u or v is in V — V, which 
mea™clJiat edge (u, v) is covered by V — V. Since (u, v) was chosen arbitrarily 
from E/«yery edge of E is covered by a vertex in V — V. Hence, the set V — V, 
which nas^ize \ V\ — k, forms a vertex cover for G. 

Conversely^ .suppose that G has a vertex cover V C V, where \ V'\ = \V\ — k. 
Then, for aau^v € V, if (u,v) € E, then u € V or v € V or both. The 
contrapositive «i Ihis implication is that for all u, v € V , if u $ V and v $ V, 
then(w,v) e E.Mh^ther words, V— V is aclique, and it has size \V\ — \V'\ = k. ■ 

Since VERTEX-O^'ER is NP-complete, we don't expect to find a polynomial- 
time algorithm for finding a minimum-size vertex cover. Section 35.1 presents a 
polynomial-time "approximation algorithm," however, which produces "approxi- 
mate" solutions for the vert^x^cover problem. The size of a vertex cover produced 
by the algorithm is at most tw(^ the minimum size of a vertex cover. 

Thus, we shouldn't give up hope just because a problem is NP-complete. We 
may be able to design a polynoorfal-time approximation algorithm that obtains 
near-optimal solutions, even thoughfihding an optimal solution is NP-complete. 
Chapter 35 gives several approximatron-^lgorithms for NP-complete problems. 



34.5.3 The hamiltonian-cycle proble^lsT^ 



We now return to the hamiltonian-cycle problem defined in Section 34.2. 

C) 

Theorem 34.13 Q 
The hamiltonian cycle problem is NP-complete. % 

o 

Proof We first show that HAM-CYCLE belongs to Given a graph G = 
(V, E), our certificate is the sequence of | V\ vertices that m^kes up the hamiltonian 
cycle. The verification algorithm checks that this sequence contains each vertex 
in V exactly once and that with the first vertex repeated at the end, it forms a cycle 
in G. That is, it checks that there is an edge between each pair of consecutive 
vertices and between the first and last vertices. We can verify the certificate in 
polynomial time. 

We now prove that VERTEX-COVER < P HAM-CYCLE, which shows that 
HAM-CYCLE is NP-complete. Given an undirected graph G = (V, E) and an 
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Figure 34.16 Thesfcidget used in reducing the vertex-cover problem to the hamiltonian-cycle prob- 
lem. An edge (u, v)-tn graph G corresponds to widget W uv in the graph G' created in the reduction, 
(a) The widget, with iXgivkJual vertices labeled, (b)-(d) The shaded paths are the only possible ones 
through the widget that include all vertices, assuming that the only connections from the widget to 
the remainder of G' are thrpu^n vertices [w, v, 1], [u, v, 6], [v, u, 1], and [v, u,6]. 



integer k, we construct an (fraiirected graph G' = (V , E ) that has a hamiltonian 
cycle if and only if G has a vertex cover of size k. 

Our construction uses a wiag^fy which is a piece of a graph that enforces certain 
properties. Figure 34.16(a) shows the widget we use. For each edge (u, v) € E, the 
graph G' that we construct will conlefwi one copy of this widget, which we denote 
by W uv . We denote each vertex in W^t \% [u, v, i] or [v, u, i], where 1 < i < 6, so 
that each widget W uv contains 12 vertices Widget W uv also contains the 14 edges 
shown in Figure 34.16(a). 



Along with the internal structure of theVvvidget, we enforce the properties we 
want by limiting the connections between t«e^widget and the remainder of the 
graph G' that we construct. In particular, onlyvertices [u, v, 1], [u, v, 6], [v, u, 1], 
and [v,w,6] will have edges incident from outsfwJJ^,,. Any hamiltonian cycle 
of G' must traverse the edges of W uv in one of vie three ways shown in Fig- 
ures 34.16(b)-(d). If the cycle enters through vertex ty, v, 1], it must exit through 
vertex [u, v, 6], and it either visits all 12 of the widget 's(ytktices (Figure 34.16(b)) 
or the six vertices [u, v, 1] through [w, v, 6] (Figure 34.1@)). In the latter case, 
the cycle will have to reenter the widget to visit vertices [v^ol] through [v, u, 6]. 
Similarly, if the cycle enters through vertex [v,u, 1], it must exit through ver- 
tex [v, w, 6], and it either visits all 12 of the widget's vertices (Figure 34.16(d)) or 
the six vertices [v, u, 1] through [v, u, 6] (Figure 34.16(c)). No other paths through 
the widget that visit all 12 vertices are possible. In particular, it is impossible to 
construct two vertex-disjoint paths, one of which connects [u, v, 1] to [v, u, 6] and 
the other of which connects [v, u, 1] to [u, v, 6], such that the union of the two paths 
contains all of the widget's vertices. 
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[z,w,6] 



Figure 34.17 Reducing an instance of the verte^&gver problem to an instance of the hamiltonian- 
cycle problem, (a) An undirected graph G witrKTyertex cover of size 2, consisting of the lightly 
shaded vertices w and y. (b) The undirected graph produced by the reduction, with the hamilto- 
nian path corresponding to the vertex cover shaded. Wje/vertex cover {w, y} corresponds to edges 
(si, [w, x, 1]) and (s2, [y, x, 1]) appearing in the hamiltor(iaj) cycle. 



The only other vertices in V other than those oi widgets are selector vertices 
Si, s 2 , ■ ■ ■ , Sk- We use edges incident on selector vfi^ifces in G' to select the k 
vertices of the cover in G. Q 

In addition to the edges in widgets, E' contains two oth^^ypes of edges, which 
Figure 34.17 shows. First, for each vertex u e V, we add edges to join pairs 
of widgets in order to form a path containing all widgets corresponding to edges 
incident on u in G. We arbitrarily order the vertices adjacent to each vertex 

u € V as w (1) ,m (2) M (degree(u))^ w h e re degree(u) is the number of vertices 

adjacent to u. We create a path in G' through all the widgets corresponding 
to edges incident on u by adding to E' the edges {([u,m^,6],[m,m' i+1 ',1]) : 
1 < i < degree(u) — 1}. In Figure 34.17, for example, we order the vertices ad- 
jacent to w as x, y, z, and so graph G' in pail (b) of the figure includes the edges 
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([w,x, 6], [to, y, 1]) and ([w,y, 6], [w,z, 1]). For each vertex u e 7, these edges 
in G' fill in a path containing all widgets corresponding to edges incident on u 

v'^The intuition behind these edges is that if we choose a vertex 1/ e Kin the vertex 
cow& of G, we can construct a path from [u, 1] to [u, M ( de s ree (")) ) 6] i n G' that 
"covers) all widgets corresponding to edges incident on u. That is, for each of these 
widge^ta^say J7 U;M (o, the path either includes all 12 vertices (if u is in the vertex 
cover but/tt^ is not) or just the six vertices [u, u^'\ 1], [u, w (,) , 2], . . . ,[u, 6] (if 
both u ana u^P are in the vertex cover). 

The final type*of edge in E' joins the first vertex [u, 1] and the last vertex 
[u , u ( de s ree (")) , ojof each of these paths to each of the selector vertices. That is, we 
include the edges^^ 

{(sj, [u, m (1) , 1]) : u and 1 < j < k) 

U {(^,^'w (degree(M)) , 6]) : u e V and 1 < j < k\ . 

Next, we show that the'si^e of G' is polynomial in the size of G, and hence we 
can construct G' in time potwp^mial in the size of G. The vertices of G' are those 
in the widgets, plus the selector ijertices. With 12 vertices per widget, plus k < | V\ 
selector vertices, we have a tota>of 



\V'\ = 12 \E\ + k *^ 



< 12|£| + |V| 



V. 



vertices. The edges of G' are those in the widgets, those that go between widgets, 
and those connecting selector vertices to wrag-ets. Each widget contains 14 edges, 
totaling 14 \E \ in all widgets. For each verteV^e V, graph G' has degree (u) — 1 
edges going between widgets, so that summed ovq all vertices in V, 

J](degree(M) -I) = 2\E\-\V\ 

U€V • 

edges go between widgets. Finally, G' has two edges \ch pair consisting of a 
selector vertex and a vertex of V, totaling 2k \ V\ such edgefLThe total number of 
edges of G' is therefore <p 

\E'\ = (U\E\) + (2\E\-\V\) + (2k\V\) 
= 16 \E\ + (2k- 1)\V\ 
< 16 \E\ + (2 171-1)171 . 

Now we show that the transformation from graph G to G' is a reduction. That is, 
we must show that G has a vertex cover of size k if and only if G' has a hamiltonian 
cycle. 
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Suppose that G = (V, E) has a vertex cover V* C V of size k. Let 
V* = {iii,u 2 , ... ,11k}. As Figure 34.17 shows, we form a hamiltonian cy- 
•^\de in G' by including the following edges 10 for each vertex uj S V*. Include 
"Radges {([uj,Uj , 6], [uj, uf , 1]) : 1 < i < degree(w,) — l}, which connect all 
^$lgets corresponding to edges incident on Uj . We also include the edges within 
thes^widgets as Figures 34.16(b)-(d) show, depending on whether the edge is cov- 
ereoWAone or two vertices in V* . The hamiltonian cycle also includes the edges 



{(s Jt [ufyP,l]):l<j <k} 

y < U{(^ + i,[«y,u y CJ * M ^ )) ,61):l<y <k-l) 

^^ Sl ,[u k ,u ( ^ Uk) \6])}. 

By inspecting Figuf&34. 17, you can verify that these edges form a cycle. The cycle 
starts at Ji, visits all .widgets corresponding to edges incident on«i, then visits s 2 , 
visits all widgets corresponding to edges incident on w 2 , and so on, until it returns 
to S\. The cycle visits eacjar widget either once or twice, depending on whether one 
or two vertices of V* covgf^ corresponding edge. Because V* is a vertex cover 
for G, each edge in E is incident on some vertex in V*, and so the cycle visits each 
vertex in each widget of G' . Because the cycle also visits every selector vertex, it 
is hamiltonian. • > 

Conversely, suppose that G' =M% n \E') has a hamiltonian cycle C C E'. We 
claim that the set \ 

V* = {u € V : (s Jt [u, u (1 \ 1]) e C foyome 1 < j < k} (34.4) 

is a vertex cover for G. To see why, partJtibV C into maximal paths that start at 
some selector vertex s t , traverse an edge (sKbu) 1]) for some u e V, and end 
at a selector vertex Sj without passing through another selector vertex. Let us call 
each such path a "cover path." From how G' is constructed, each cover path must 
stait at some s,-, take the edge (s 1 ,-, [u, 1]) for some vertex u € V, pass through 
all the widgets corresponding to edges in E incident (of), u, and then end at some 
selector vertex sj. We refer to this cover path as p u , a{I3)by equation (34.4), we 
put u into V*. Each widget visited by p u must be W uv ®£W VU for some v e V. 
For each widget visited by p u , its vertices are visited by either one or two cover 
paths. If they are visited by one cover path, then edge (u,v) e E is covered in G 
by vertex u. If two cover paths visit the widget, then the other cover path must 
be p v , which implies that v e V* , and edge (w, v) e E is covered by both u and v. 



10 Technically, we define a cycle in terms of vertices rather than edges (see Section B.4). In the 
interest of clarity, we abuse notation here and define the hamiltonian cycle in terms of edges. 
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Figure 34.f§^ An instance of the traveling-salesman problem. Shaded edges represent a minimum- 
cost tour, withx&st 7. 

v: 

Because each vertex in each widget is visited by some cover path, we see that each 
edge in E is coveredby some vertex in V*. ■ 

C 

V 

34.5.4 The traveling-salesman problem 

In the traveling-salesman (jptohlem, which is closely related to the hamiltonian- 
cycle problem, a salesman mljsrvisit n cities. Modeling the problem as a complete 
graph with n vertices, we can(^y that the salesman wishes to make a tour, or 
hamiltonian cycle, visiting each cjjy exactly once and finishing at the city he starts 
from. The salesman incurs a nonne^ajive integer cost c(i, j) to travel from city i 
to city j , and the salesman wishes to-rprike the tour whose total cost is minimum, 
where the total cost is the sum of the individual costs along the edges of the tour. 
For example, in Figure 34.18, a minimum/csst tour is (u, w, v, x, u), with cost 7. 
The formal language for the corresponding^decision problem is 



TSP = {(G, c,k): G = (V, E) is a completer^rMi^ 
c is a function from V x V -CXi 
k e Z, and 

G has a traveling-salesman tour \^ith cost at most k} . 

The following theorem shows that a fast algorithm ^rjbe traveling-salesman 
problem is unlikely to exist. 

Theorem 34.14 

The traveling-salesman problem is NP-complete. 

Proof We first show that TSP belongs to NP. Given an instance of the problem, 
we use as a certificate the sequence of n vertices in the tour. The verification 
algorithm checks that this sequence contains each vertex exactly once, sums up the 
edge costs, and checks whether the sum is at most k. This process can certainly be 
done in polynomial time. 
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To prove that TSP is NP-hard, we show that HAM-CYCLE < P TSP. Let 
G = (V, E) be an instance of HAM-CYCLE. We construct an instance of TSP as 
follows. We form the complete graph G' = (V, E'), where E' = {(/, j) : i, j : e V 
vipid i ^ j}, and we define the cost function c by 

' J (O if € E, 
0 | 1 if g E . 

(Note t^ because G is undirected, it has no self-loops, and so c(v, v) = 1 for all 
vertices ix1=)K.) The instance of TSP is then (G',c, 0), which we can easily create 
in polynomial time. 

We now sh«^)that graph G has a hamiltonian cycle if and only if graph G' has a 
tour of cost at mdt>t 0. Suppose that graph G has a hamiltonian cycle h. Each edge 
in h belongs to £^fvd thus has cost 0 in G' . Thus, h is a tour in G' with cost 0. 
Conversely, suppose^th^t graph G' has a tour h' of cost at most 0. Since the costs 
of the edges in E' are Qy&hd 1, the cost of tour h' is exactly 0 and each edge on the 
tour must have cost 0. Therefore, h! contains only edges in E. We conclude that h' 
is a hamiltonian cycle in g^p^i G. ■ 

34.5.5 The subset-sum problem 

We next consider an arithmetic N lete problem. In the subset-sum problem, 

we are given a finite set S of positiv^mtegers and an integer target t > 0. We ask 
whether there exists a subset S' C jQvhose elements sum to t. For example, 
if S = {1,2,7,14,49,98,343,686,24^2793,16808,17206,117705,117993} 
and t = 138457, then the subset S' = {L%X, 98, 343, 686, 2409, 17206, 1 17705} 
is a solution. 

As usual, we define the problem as a languagjg^ 

SUBSET-SUM = {(S, t) : there exists a subset S such that t = J2 sS s' s ) ■ 

As with any arithmetic problem, it is important to recalHJiat our standard encoding 
assumes that the input integers are coded in binary. WWjrthis assumption in mind, 
we can show that the subset-sum problem is unlikely to tt^>% a fast algorithm. 

Theorem 34.15 

The subset-sum problem is NP-complete. 

Proof To show that SUBSET-SUM is in NP, for an instance (S,t) of the problem, 
we let the subset S' be the certificate. A verification algorithm can check whether 
t — J2ses r s m polynomial time. 

We now show that 3-CNF-SAT < P SUBSET-SUM. Given a 3-CNF formula </> 
over variables X\, x 2 , ■ ■ ■ , x„ with clauses Ci, C 2 , . . . , Cjt, each containing exactly 
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three distinct literals, the reduction algorithm constructs an instance (S, t) of the 
subset-sum problem such that </> is satisfiable if and only if there exists a subset 
\Qf S whose sum is exactly /. Without loss of generality, we make two simplifying 
■assumptions about the formula </>. First, no clause contains both a variable and its 
negdjion, for such a clause is automatically satisfied by any assignment of values 
to thV^ariables. Second, each variable appears in at least one clause, because it 
does nalrmatter what value is assigned to a variable that appears in no clauses. 

The redaction creates two numbers in set S for each variable x, and two numbers 
in 5* for ehcKclause Cj. We shall create numbers in base 10, where each number 
contains n +k djgits and each digit corresponds to either one variable or one clause. 
Base 10 (and othgr bases, as we shall see) has the property we need of preventing 
carries from lower digits to higher digits. 

As Figure 34. BUshows, we construct set S and target / as follows. We label 
each digit position by. either a variable or a clause. The least significant k digits are 
labeled by the clauses,\ind^fhe most significant n digits are labeled by variables. 

• The target t has a 1 in^ach digit labeled by a variable and a 4 in each digit 
labeled by a clause. 

• For each variable x, , set S (^htains two integers v,- and v[. Each of v, and v\ 
has a 1 in the digit labeled by x, and 0s in the other variable digits. If literal x, 
appears in clause C, , then the ^drait labeled by Cj in v% contains a 1 . If lit- 
eral —>Xi appears in clause Cj, then^rne digit labeled by Cj in v- contains a 1. 
All other digits labeled by clauses inland v- are 0. 

All v, and v- values in set S are unique^ftiy? For / ^i.nov; or v\ values can 
equal v, and v • in the most significant n d^ts. Furthermore, by our simplifying 
assumptions above, no v, and v- can be e^^^l in all k least significant digits. 
If Vi and v- were equal, then x ; and ->x, wotftd have to appeal - in exactly the 
same set of clauses. But we assume that no ci^tnse contains both x, and ->Xj 
and that either x, or ->X; appears in some clause, and so there must be some 
clause Cj for which v, and v- differ. 

• For each clause C 7 , set S contains two integers Sj and Each of Sj and s'j has 
0s in all digits other than the one labeled by Cj . For Sjijhpre is a 1 in the Cj 
digit, and s'j has a 2 in this digit. These integers are "slack'variables," which we 
use to get each clause-labeled digit position to add to the target value of 4. 

Simple inspection of Figure 34.19 demonstrates that all Sj and s'j values in S 
are unique in set S. 



Note that the greatest sum of digits in any one digit position is 6, which occurs in 
the digits labeled by clauses (three Is from the v, and v- values, plus 1 and 2 from 
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x 2 x 3 C\ C 2 C 3 C 4 




Figure 34.19 The reduction of 3-CNF-SAT to SUBSET-SUM. The formula in 3-CNF is <p = 
C1AC2AC3AC4, where C\ = (x\ V->x^\^X3), C2 = {-•Xi V-'XzV-'Xj), C3 = (-•xi V-OC2VX3), 
and C4 = (xi V X2 V 13). A satisfying assignment of <j> is (x\ = 0, X2 = 0, X3 = 1). The set S 
produced by the reduction consists of the numbers shown; reading from top to bottom, S = 

{1001001, 1000110, 100001, 101110, 10011, 1(TT^0, 1000,2000, 100,200, 10,20, 1,2}. The target t 
is 1 1 14444. The subset S' C S is lightly shaded, jffR} it contains , v' 2 , and V3, corresponding to the 
satisfying assignment. It also contains slack varmfeles^vi , s^, sL, ^3, ^4, and s' 4 to achieve the target 
value of 4 in the digits labeled by C\ through C4. V) > 

the Sj and s' f values). Interpreting these numbeOjabase 10, therefore, no carries 
can occur from lower digits to higher digits. 11 ^ 

We can perform the reduction in polynomial time". The set S contains 2n + 2k 
values, each of which has n + k digits, and the time to^produce each digit is poly- 
nomial in n + k. The target / has n + k digits, and the redaction produces each in 
constant time. 



We now show that the 3-CNF formula <p is satisfiable if and only if there exists 
a subset S' C S whose sum is t. First, suppose that </> has a satisfying assignment. 
For i = 1, 2, . . . , 77, if x, = 1 in this assignment, then include v, in S' . Otherwise, 
include v\. In other words, we include in S' exactly the v, and v- values that cor- 



1 In fact, any base b, where b > 7, would work. The instance at the beginning of this subsection is 
the set S and target / in Figure 34.19 interpreted in base 7, with S listed in sorted order. 
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respond to literals with the value 1 in the satisfying assignment. Having included 
either v, or v[, but not both, for all i, and having put 0 in the digits labeled by 
•^ariables in all Sj and Sj , we see that for each variable-labeled digit, the sum of the 
■*^ues of S' must be 1, which matches those digits of the target t. Because each 
cTttti&e is satisfied, the clause contains some literal with the value 1. Therefore, 
eacKfdfcit labeled by a clause has at least one 1 contributed to its sum by a v, or v\ 
value m^'. In fact, 1, 2, or 3 literals may be 1 in each clause, and so each clause- 
labeled av«t has a sum of 1, 2, or 3 from the v, and v\ values in S'. In Figure 34.19 
for exampie^terals ->Xi, -0C2, and x 3 have the value 1 in a satisfying assignment. 
Each of clauses^ and C4 contains exactly one of these literals, and so together v[, 
v' 2 , and v 3 corarihute 1 to the sum in the digits for Ci and C 4 . Clause C 2 contains 
two of these liteHtls^and v[, v' 2 , and v 3 contribute 2 to the sum in the digit for C 2 . 
Clause C 3 containvalLthree of these literals, and v[, v' 2 , and v 3 contribute 3 to the 
sum in the digit for (£3. We achieve the target of 4 in each digit labeled by clause Cj 
by including in S' theVpRfopriate nonempty subset of slack variables {sj, Sj}. In 
Figure 34.19, S' includes^ s[, s' 2 , S3, s 4 , and 54. Since we have matched the target 
in all digits of the sum, andjj* carries can occur, the values of S' sum to t . 

Now, suppose that there is Subset S' C S that sums to /. The subset S' must 

include exactly one of v t and i^Dr each i = 1,2 , n, for otherwise the digits 

labeled by variables would not sujn to 1. If y, e S', we set x, = 1. Otherwise, 
v\ e S", and we set x t = 0. We clatfmthat every clause Cj, for j = 1, 2, . . . , k, is 
satisfied by this assignment. To provevth^ claim, note that to achieve a sum of 4 in 
the digit labeled by Cj, the subset S' mpst include at least one v, or v- value that 
has a 1 in the digit labeled by Cj , since tnencontributions of the slack variables Sj 
and s'j together sum to at most 3. If S' inrnte a v, that has a 1 in Cj 's position, 
then the literal x, appears in clause Cj. SincVi*^ have set x, = 1 when v, € S', 
clause Cj is satisfied. If S' includes a v[ tharnas a 1 in that position, then the 
literal ->x, appears in Cj. Since we have set x ; —St when v[ e S' , clause C 
again satisfied. Thus, all clauses of <p are satisfied, which completes the proof. 
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Exercises V-Ji 

34.5-1 r 
The subgraph-isomorphism problem takes two undhected graphs Gi and G 2 , and 
it asks whether Gi is isomorphic to a subgraph of G 2 . Show that the subgraph- 
isomorphism problem is NP-complete. 

34.5-2 

Given an integer m x n matrix A and an integer m -vector b, the 0-1 integer- 
programming problem asks whether there exists an integer n -vector x with ele- 
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ments in the set {0, 1} such that Ax < b. Prove that 0-1 integer programming is 
. NP-complete. (Hint: Reduce from 3-CNF-SAT.) 

,< The integer linear-programming problem is like the 0-1 integer-programming 
ppojjlfem given in Exercise 34.5-2, except that the values of the vector x may be 
anyvintegers rather than just 0 or 1. Assuming that the 0-1 integer-programming 
problem-is NP-hard, show that the integer linear-programming problem is NP- 
completer^ 

34.5-4 y>' 

Show how to s^jye the subset-sum problem in polynomial time if the target value t 
is expressed in ur©ry. 

A 

34.5-5 ^ k< 

The set-partition problpfn takes as input a set S of numbers. The question is 
whether the numbers can>be partitioned into two sets A and A = S — A such 
that YlxeA x = ^ xg ^x. afipw that the set-partition problem is NP-complete. 

34.5-6 0 

Show that the hamiltonian-path problem is NP-complete. 
34.5-7 ^> 

The longest-simple-cycle problem is the problem of determining a simple cycle 
(no repeated vertices) of maximum lengown a graph. Formulate a related decision 
problem, and show that the decision prOeieqa^is NP-complete. 

34.5-8 

In the half 3-CNF satisfiability problem, we all^iven a 3-CNF formula </> with n 
variables and m clauses, where m is even. We x^h to determine whether there 
exists a truth assignment to the variables of </> such that exactly half the clauses 
evaluate to 0 and exactly half the clauses evaluate to {TProve that the half 3-CNF 
satisfiability problem is NP-complete. Q 



Problems 



34-1 Independent set 

An independent set of a graph G = (V, E) is a subset V C V of vertices such 
that each edge in E is incident on at most one vertex in V . The independent-set 
problem is to find a maximum-size independent set in G. 
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a. Formulate a related decision problem for the independent-set problem, and 
prove that it is NP-complete. {Hint: Reduce from the clique problem.) 

j>r\ Suppose that you are given a "black-box" subroutine to solve the decision prob- 
y 'Je ) m you defined in part (a). Give an algorithm to find an independent set of max- 
Ijpim size. The running time of your algorithm should be polynomial in | V \ 
antral, counting queries to the black box as a single step. 

AlthoughQle independent-set decision problem is NP-complete, certain special 
cases are p6^y\iomial-time solvable. 

c. Give an effiQte^t algorithm to solve the independent-set problem when each ver- 
tex in G has dt^gJee 2. Analyze the running time, and prove that your algorithm 
works correctly. ^\ 

d. Give an efficient afg^ojskhm to solve the independent-set problem when G is 
bipartite. Analyze the^rurining time, and prove that your algorithm works cor- 
rectly. (Hint: Use the res#^of Section 26.3.) 

34-2 Bonnie and Clyde 

Bonnie and Clyde have just robbSda^bank. They have a bag of money and want 
to divide it up. For each of the folloWna scenarios, either give a polynomial-time 
algorithm, or prove that the problem VNP-complete. The input in each case is a 
list of the n items in the bag, along wifhGie value of each. 

a. The bag contains n coins, but only 2 dif^pnt denominations: some coins are 
worth x dollars, and some are worth y dolkj^Bonnie and Clyde wish to divide 
the money exactly evenly. Q 

b. The bag contains n coins, with an arbitrary numrjer of different denominations, 
but each denomination is a nonnegative integer rJbwer of 2, i.e., the possible 
denominations are 1 dollar, 2 dollars, 4 dollars, etc. Bonnie and Clyde wish to 
divide the money exactly evenly. KJ^. 

c. The bag contains n checks, which are, in an amazing coincidence, made out to 
"Bonnie or Clyde." They wish to divide the checks so that they each get the 
exact same amount of money. 

d. The bag contains n checks as in pail (c), but this time Bonnie and Clyde are 
willing to accept a split in which the difference is no larger than 100 dollars. 
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34-3 Graph coloring 

Mapmakers try to use as few colors as possible when coloring countries on a map, 
^\ as long as no two countries that share a border have the same color. We can model 
v^mis problem with an undirected graph G = (V. E) in which each vertex repre- 
s«tos a country and vertices whose respective countries share a border are adjacent. 
Thprf} a k-coloring is a function c : V —>■ {1, 2, . . . , k} such that c{u) ^ c(v) for 
every/edge (u, v) € E. In other words, the numbers 1,2, ... ,k represent the k col- 
ors, anuodjacent vertices must have different colors. The graph-coloring problem 
is to deterpijne the minimum number of colors needed to color a given graph. 

a. Give an^^f^ient algorithm to determine a 2-coloring of a graph, if one exists. 

b. Cast the gra^fcoloring problem as a decision problem. Show that your deci- 
sion problem i^Solvable in polynomial time if and only if the graph-coloring 
problem is solvable m polynomial time. 

c. Let the language 3-COLOR be the set of graphs that can be 3-colored. Show 
that if 3-COLOR is NP^jamplete, then your decision problem from part (b) is 
NP-complete. n 

To prove that 3-COLOR is NP^omplete, we use a reduction from 3-CNF-SAT. 
Given a formula <p of m clauses 0K(n)variables X\, x%, . . . , x n , we construct a graph 
G = (V, E) as follows. The set V ^prisists of a vertex for each variable, a vertex 
for the negation of each variable, 5 veijti&es for each clause, and 3 special vertices: 
TRUE, FALSE, and RED. The edges of tfe^graph are of two types: "literal" edges 
that are independent of the clauses and ^cuin^e" edges that depend on the clauses. 
The literal edges form a triangle on the special^ertices and also form a triangle on 
Xj , —>Xi , and red for i = 1, 2, . . . , n. q 

d. Argue that in any 3-coloring c of a graph containing the literal edges, exactly 
one of a variable and its negation is colored c ("BRUE) and the other is colored 
c (false). Argue that for any truth assignment fo^^-, there exists a 3-coloring 
of the graph containing just the literal edges. Q 

The widget shown in Figure 34.20 helps to enforce the conation corresponding to 
a clause (x V y V z). Each clause requires a unique copy of the 5 vertices that are 
heavily shaded in the figure; they connect as shown to the literals of the clause and 
the special vertex TRUE. 

e. Argue that if each of x, y, and z is colored c(true) or c (false), then the 
widget is 3-colorable if and only if at least one of x, y, or z is colored c(true). 



/. Complete the proof that 3-COLOR is NP-complete. 
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Figure 34.20 Th£ ^vidget corresponding to a clause (x V y V z), used in Problem 34-3. 

34-4 Schedulin^Jdth profits and deadlines 

Suppose that we hav^one machine and a set of n tasks a,\, a 2 , ■ ■ ■ , a„, each of 
which requires time qrnthe machine. Each task cij requires tj time units on the 
machine (its processing tft^ie), yields a profit of pj, and has a deadline dj. The 
machine can process only one task at a time, and task aj must run without inter- 
ruption for tj consecutive trme^inits. If we complete task aj by its deadline dj , we 
receive a profit pj , but if we complete it after its deadline, we receive no profit. As 
an optimization problem, we ar^given the processing times, profits, and deadlines 
for a set of n tasks, and we wish tfl find a schedule that completes all the tasks and 
returns the greatest amount of profik-The processing times, profits, and deadlines 
are all nonnegative numbers. \ 

o 

a. State this problem as a decision proble^i^ 

b. Show that the decision problem is NP-corrr^tete. 



d. 



Give a polynomial-time algorithm for the decQon problem, assuming that all 
processing times are integers from 1 to n. (Hintxuse dynamic programming.) 

Give a polynomial-time algorithm for the optimizati^nVproblem, assuming that 
all processing times are integers from 1 to n . Q 



Chapter notes 



The book by Garey and Johnson [129] provides a wonderful guide to NP-complete- 
ness, discussing the theory at length and providing a catalogue of many problems 
that were known to be NP-complete in 1979. The proof of Theorem 34.13 is 
adapted from their book, and the list of NP-complete problem domains at the begin- 
ning of Section 34.5 is drawn from their table of contents. Johnson wrote a series 
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of 23 columns in the Journal of Algorithms between 1981 and 1992 reporting new 
developments in NP-completeness. Hopcroft, Motwani, and Ullman [177], Lewis 
mid Papadimitriou [236], Papadimitriou [270], and Sipser [317] have good treat- 
V'nients of NP-completeness in the context of complexity theory. NP-completeness 
anfl several reductions also appear in books by Aho, Hopcroft, and Ullman [5]; 
Dapgvpta, Papadimitriou, and Vazirani [82]; Johnsonbaugh and Schaefer [193]; 
and^Steinberg and Tardos [208]. 

The otes s P was introduced in 1964 by Cobham [72] and, independently, in 1965 
by Edmbntte [100], who also introduced the class NP and conjectured that P ^ NP. 
The notionn of .NP-completeness was proposed in 1971 by Cook [75], who gave 
the first NPXxjmpleteness proofs for formula satisfiability and 3-CNF satisfiabil- 
ity. Levin [234f independently discovered the notion, giving an NP-completeness 
proof for a tiling^problem. Karp [199] introduced the methodology of reductions 
in 1972 and demonstrated the rich variety of NP-complete problems. Karp's pa- 
per included the origiJiaLNP-completeness proofs of the clique, vertex-cover, and 
hamiltonian-cycle problems. Since then, thousands of problems have been proven 
to be NP-complete by m£n# researchers. In a talk at a meeting celebrating Karp's 
60th birthday in 1995, Papadimitriou remarked, "about 6000 papers each year have 
the term 'NP-complete' on tl^ - title, abstract, or list of keywords. This is more 
than each of the terms 'compile^,' 'database,' 'expert,' 'neural network,' or 'oper- 
ating system.' " *£j 

Recent work in complexity fheory^ljas shed light on the complexity of computing 
approximate solutions. This work gives^a new definition of NP using "probabilis- 
tically checkable proofs." This new definition implies that for problems such as 
clique, vertex cover, the traveling-salesm&irflroblem with the triangle inequality, 
and many others, computing good approximate, solutions is NP-hard and hence no 
easier than computing optimal solutions. An introduction to this area can be found 
in Arora's thesis [20]; a chapter by Arora and LtmjHn Hochbaum [172]; a survey 
article by Arora [21]; a book edited by Mayr, Promel, and Steger [246]; and a 
survey article by Johnson [191]. • 
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Many problems ©^practical significance are NP-complete, yet they are too impor- 
tant to abandon merely because we don't know how to find an optimal solution in 
polynomial time. Even it a problem is NP-complete, there may be hope. We have at 
least three ways to get aropnd NP-completeness. First, if the actual inputs are small, 
an algorithm with exponential running time may be perfectly satisfactory. Second, 
we may be able to isolate important special cases that we can solve in polynomial 
time. Third, we might come Hp with approaches to find near-optimal solutions in 
polynomial time (either in the w»rst case or the expected case). In practice, near- 
optimality is often good enough. •We>call an algorithm that returns near-optimal 
solutions an approximation algoritntyl. This chapter presents polynomial-time ap- 
proximation algorithms for several NrVromplete problems. 

o 

Performance ratios for approximation algorithms 

Suppose that we are working on an optimizatioA\problem in which each potential 
solution has a positive cost, and we wish to find a near-optimal solution. Depending 
on the problem, we may define an optimal solutfen^s one with maximum possi- 
ble cost or one with minimum possible cost; that is; the problem may be either a 
maximization or a minimization problem. * 

We say that an algorithm for a problem has an approximation ratio of p(n) if, 
for any input of size n, the cost C of the solution produe^Aby the algorithm is 
within a factor of p(n) of the cost C* of an optimal solution^/ 



/ C C*\ 

max! — ,— J < p(n) . (35.1) 

If an algorithm achieves an approximation ratio of p(n), we call it a p(ti)-approx- 
imation algorithm. The definitions of the approximation ratio and of a p{n)- 
approximation algorithm apply to both minimization and maximization problems. 
For a maximization problem, 0 < C < C*, and the ratio C*/C gives the factor 
by which the cost of an optimal solution is larger than the cost of the approximate 
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solution. Similarly, for a minimization problem, 0 < C* < C, and the ratio C/C* 
gives the factor by which the cost of the approximate solution is larger than the 
^\ cost of an optimal solution. Because we assume that all solutions have positive 
v^mst, these ratios are always well denned. The approximation ratio of an approx- 
imation algorithm is never less than 1, since C/C* < 1 implies C*/C > 1. 
Therefore, a 1 -approximation algorithm 1 produces an optimal solution, and an ap- 
proximation algorithm with a large approximation ratio may return a solution that 
is mucrpworse than optimal. 

For rrtajiv problems, we have polynomial-time approximation algorithms with 
small constarrt -approximation ratios, although for other problems, the best known 
polynomial-ame approximation algorithms have approximation ratios that grow 
as functions ofiahe input size n. An example of such a problem is the set-cover 
problem presented i» Section 35.3. 

Some NP-compiete .problems allow polynomial-time approximation algorithms 
that can achieve incfs^singly better approximation ratios by using more and more 
computation time. Th£f is, we can trade computation time for the quality of the 
approximation. An exarfroie is the subset-sum problem studied in Section 35.5. 
This situation is important ^nSugh to deserve a name of its own. 

An approximation scheme^! an optimization problem is an approximation al- 
gorithm that takes as input not £>nlv an instance of the problem, but also a value 
e > 0 such that for any fixed e, th^Scheme is a (1 + e)-approximation algorithm. 
We say that an approximation scheme^ a polynomial-time approximation scheme 
if for any fixed e > 0, the scheme runs^ time polynomial in the size n of its input 
instance. r\ 

The running time of a polynomial-tim>: 5 ajwoximation scheme can increase very 
rapidly as e decreases. For example, the raniung time of a polynomial-time ap- 
proximation scheme might be 0(n 2 ^). Ideally^if e decreases by a constant factor, 
the running time to achieve the desired approximmran should not increase by more 
than a constant factor (though not necessarily fhe^ame constant factor by which e 
decreased). • 

We say that an approximation scheme is & fully polJnio\nial-time approximation 
scheme if it is an approximation scheme and its runnfagjime is polynomial in 
both 1 /e and the size n of the input instance. For example,mJe scheme might have 
a running time of 0((l/e) 2 n 3 ). With such a scheme, any constant-factor decrease 
in e comes with a corresponding constant-factor increase in the running time. 



When the approximation ratio is independent of n, we use the terms "approximation ratio of p" and 
"p-approximation algorithm," indicating no dependence on n. 
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Chapter outline 



he first four sections of this chapter present some examples of polynomial-time 
roximation algorithms for NP-complete problems, and the fifth section presents 
avfulfy polynomial-time approximation scheme. Section 35.1 begins with a study 
ofSne>ertex-cover problem, an NP-complete minimization problem that has an 
appro^efmation algorithm with an approximation ratio of 2. Section 35.2 presents 
an approximation algorithm with an approximation ratio of 2 for the case of the 
traveling-desman problem in which the cost function satisfies the triangle in- 
equality. Ifiyio shows that without the triangle inequality, for any constant p > 1, 
a p-approxirrt^tion algorithm cannot exist unless P = NP. In Section 35.3, we 
show how to uSe^J greedy method as an effective approximation algorithm for the 
set-covering probl(e^, obtaining a covering whose cost is at worst a logarithmic 
factor larger than th^Sptimal cost. Section 35.4 presents two more approximation 
algorithms. First we ^jiidy the optimization version of 3-CNF satisfiability and 
give a simple randomized^lgorithm that produces a solution with an expected ap- 
proximation ratio of 8/7/Ttten we examine a weighted variant of the vertex-cover 
problem and show how to usg^inear programming to develop a 2-approximation 
algorithm. Finally, Section 35 ^presents a fully polynomial-time approximation 
scheme for the subset-sum problem. 





35.1 The vertex-cover problem x q 

Section 34.5.2 defined the vertex-cover proi5lem and proved it NP-complete. Recall 
that a vertex cover of an undirected graph G~^K(V, E) is a subset V C V such 
that if (u, v) is an edge of G, then either u € V*~oisv € V (or both). The size of a 
vertex cover is the number of vertices in it. s\ 

The vertex-cover problem is to find a vertex cover of minimum size in a given 
undirected graph. We call such a vertex cover an optimaLyertex cover. This prob- 
lem is the optimization version of an NP-complete deciskmnroblem. 

Even though we don't know how to find an optimal vetlex cover in a graph G 
in polynomial time, we can efficiently find a vertex cover^ftat is near-optimal. 
The following approximation algorithm takes as input an undirected graph G and 
returns a vertex cover whose size is guaranteed to be no more than twice the size 
of an optimal vertex cover. 
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Figure 35.1 The operation of APPRftx-VERTEX-CoVER. (a) The input graph G, which has 7 
vertices and 8 edges, (b) The edge (b, c),^o)tvn heavy, is the first edge chosen by APPROX- VERTEX- 
COVER. Vertices b and c, shown lightly shad<!a, are added to the set C containing the vertex cover 
being created. Edges (a, b), (c, e), and (c, d), slrown dashed, are removed since they are now covered 
by some vertex in C. (c) Edge (e, /) is chosenfj'ertices e and / are added to C . (d) Edge (d,g) 
is chosen; vertices d and g are added to C. (eXjftoe' set C, which is the vertex cover produced by 
APPROX-VERTEX-COVER, contains the six verticeS^c, d,e,f, g. (f) The optimal vertex cover for 
this problem contains only three vertices: b, d, and 



O 



6 



Approx-Vertex-Cover(G) 

1 C = 0 
E' = G.E 
while E' + 0 

let (m, v) be an arbitrary edge of E' 
C = C U {u, v} 

remove from E' every edge incident on either u or v 
return C 



Figure 35.1 illustrates how Approx-Vertex-Cover operates on an example 
graph. The variable C contains the vertex cover being constructed. Line 1 ini- 
tializes C to the empty set. Line 2 sets E' to be a copy of the edge set G.E of 
the graph. The loop of lines 3-6 repeatedly picks an edge (u, v) from E', adds its 
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endpoints u and v to C , and deletes all edges in E' that are covered by either u 
or v. Finally, line 7 returns the vertex cover C . The running time of this algorithm 
■C^s, 0(V + E), using adjacency lists to represent E' . 




fern 35.1 

-Vertex-Cover is a polynomial-time 2-approximation algorithm. 

Proof M¥e have already shown that Approx-Vertex-Cover runs in polyno- 
mial timeVv> 

The set G'of. vertices that is returned by Approx-Vertex-Cover is a vertex 



cover, since th€ algorithm loops until every edge in G.E has been covered by some 
vertex in C. J 

To see that ApprSx-Vertex-Cover returns a vertex cover that is at most twice 
the size of an optim^cover, let A denote the set of edges that line 4 of Approx- 
Vertex-Cover pick^d\ In order to cover the edges in A, any vertex cover— in 
particular, an optimal co <er C*— must include at least one endpoint of each edge 
in A. No two edges in A slj^pe an endpoint, since once an edge is picked in line 4, 
all other edges that are incide^W its endpoints are deleted from E' in line 6. Thus, 
no two edges in A are covered Ijj^he same vertex from C* , and we have the lower 
bound 

\C*\ >\A\ "(5 v (35.2) 

x 

on the size of an optimal vertex cover. Each execution of line 4 picks an edge for 



which neither of its endpoints is already itr-C , yielding an upper bound (an exact 
upper bound, in fact) on the size of the vem^pver returned: 

|C| =2 \A\ . (35.3) 

Combining equations (35.2) and (35.3), we obtairt-"^ 

\C\ = 2\A\ 

< 2\C*\ , Q 

thereby proving the theorem. " 

Let us reflect on this proof. At first, you might wonder how we can possibly 
prove that the size of the vertex cover returned by Approx-Vertex-Cover is at 
most twice the size of an optimal vertex cover, when we do not even know the size 
of an optimal vertex cover. Instead of requiring that we know the exact size of an 
optimal vertex cover, we rely on a lower bound on the size. As Exercise 35.1-2 asks 
you to show, the set A of edges that line 4 of Approx-Vertex-Cover selects is 
actually a maximal matching in the graph G. (A maximal matching is a matching 
that is not a proper subset of any other matching.) The size of a maximal matching 
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is, as we argued in the proof of Theorem 35.1, a lower bound on the size of an 
, optimal vertex cover. The algorithm returns a vertex cover whose size is at most 
twice the size of the maximal matching A. By relating the size of the solution 
^'returned to the lower bound, we obtain our approximation ratio. We will use this 
i^hodology in later sections as well. 

Exer^es 
35./-/ % 

Give an example of a graph for which Approx-Vertex-Cover always yields a 
suboptimal Solution. 

35.1-2 \$i 

Prove that the set ges picked in line 4 of Approx -Vertex -Cover forms a 
maximal matching inihe graph G. 

35.1-3 ★ v > 

Professor Bundchen propo^s the following heuristic to solve the vertex-cover 
problem. Repeatedly selecV a^vertex of highest degree, and remove all of its in- 
cident edges. Give an example-Yo show that the professor's heuristic does not have 
an approximation ratio of 2. {HtntjA^ry a bipartite graph with vertices of uniform 
degree on the left and vertices of vajyiijg degree on the right.) 

35.1-4 O 

Give an efficient greedy algorithm fhat^nfcls an optimal vertex cover for a tree in 
linear time. ^\ 

35.1-5 

From the proof of Theorem 34.12, we know that-ure vertex-cover problem and the 
NP-complete clique problem are complementary in the sense that an optimal vertex 
cover is the complement of a maximum-size clique in the complement graph. Does 
this relationship imply that there is a polynomial-time^approximation algorithm 
with a constant approximation ratio for the clique probletiy?v Justify your answer. 
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In the traveling-salesman problem introduced in Section 34.5.4, we are given a 
complete undirected graph G = (V, E) that has a nonnegative integer cost c(u, v) 
associated with each edge (u, v) e E, and we must find a hamiltonian cycle (a 
tour) of G with minimum cost. As an extension of our notation, let c(A) denote 
the total cost of the edges in the subset A c E: 
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c(A) = ^2 C ( M > v ) ■ 

(u,v)eA 

n many practical situations, the least costly way to go from a place u to a place w 
is^o go directly, with no intermediate steps. Put another way, cutting out an inter- 
mediate stop never increases the cost. We formalize this notion by saying that the 
cost Taction c satisfies the triangle inequality if, for all vertices u, v, w € V, 



c(u, wf^^(u, v) + c(v, w) . 

The tria»^je inequality seems as though it should naturally hold, and it is au- 
tomatically sa^ifcned in several applications. For example, if the vertices of the 
graph are point^^fN the plane and the cost of traveling between two vertices is the 
ordinary euclideS^ljstance between them, then the triangle inequality is satisfied. 
Furthermore, many c^t functions other than euclidean distance satisfy the triangle 
inequality. \» 

As Exercise 35.2-2 snoj^s, the traveling-salesman problem is NP-complete even 
if we require that the cosb function satisfy the triangle inequality. Thus, we should 
not expect to find a polynomj^l-time algorithm for solving this problem exactly. 
Instead, we look for good approximation algorithms. 

In Section 35.2.1, we exammV a 2-approximation algorithm for the traveling- 
salesman problem with the triangle inequality. In Section 35.2.2, we show that 
without the triangle inequality, a polyjaomial-time approximation algorithm with a 
constant approximation ratio does nofvgxist unless P = NP. 

o 

35.2.1 The traveling-salesman probleijQrith the triangle inequality 

Applying the methodology of the previous sedjroji, we shall first compute a struc- 
ture— a minimum spanning tree— whose weight grvps a lower bound on the length 
of an optimal traveling-salesman tour. We shall thW use the minimum spanning 
tree to create a tour whose cost is no more than twicethat of the minimum spanning 
tree's weight, as long as the cost function satisfies the*triangle inequality. The fol- 
lowing algorithm implements this approach, calling the- minimum-spanning-tree 
algorithm MST-Prim from Section 23.2 as a subroutineV-^Bhe parameter G is a 
complete undirected graph, and the cost function c satisfies tfje* triangle inequality. 

Approx-TSP-Tour(G, c) 

1 select a vertex r 6 G. V to be a "root" vertex 

2 compute a minimum spanning tree T for G from root r 

using MST-Prim(G, c, r) 

3 let H be a list of vertices, ordered according to when they are first visited 

in a preorder tree walk of T 

4 return the hamiltonian cycle H 
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Figure 35.2 The operation of APPROX^TJJP-TOUR. (a) A complete undirected graph. Vertices lie 
on intersections of integer grid lines. For exMBple, / is one unit to the right and two units up from h. 
The cost function between two points is the owiiNary euclidean distance, (b) A minimum spanning 
tree T of the complete graph, as computed by MST-Prim. Vertex a is the root vertex. Only edges 
in the minimum spanning tree are shown. The voices happen to be labeled in such a way that they 
are added to the main tree by MST-PRIM in alphal^ical order, (c) A walk of T, starting at a. A 
full walk of the tree visits the vertices in the order a^^b, h,b,a,d,e,f,e,g,e,d,a. A preorder 
walk of T lists a vertex just when it is first encountered, as-urdicated by the dot next to each vertex, 
yielding the ordering a, b, c, h, d, e, f, g. (d) A tour obtairiWby visiting the vertices in the order 
given by the preorder walk, which is the tour H returned sy APPROX-TSP-TOUR. Its total cost 
is approximately 19.074. (e) An optimal tour H* for the original complete graph. Its total cost is 
approximately 14.715. 



Recall from Section 12.1 that a preorder tree walk recurwply visits every vertex 
in the tree, listing a vertex when it is first encountered, before visiting any of its 
children. 

Figure 35.2 illustrates the operation of APPROX-TSP-TOUR. Part (a) of the fig- 
ure shows a complete undirected graph, and part (b) shows the minimum spanning 
tree T grown from root vertex a by MST-Prim. Part (c) shows how a preorder 
walk of T visits the vertices, and part (d) displays the corresponding tour, which is 
the tour returned by APPROX-TSP-TOUR. Part (e) displays an optimal tour, which 
is about 23% shorter. 
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By Exercise 23.2-2, even with a simple implementation of MST-Prim, the run- 
ning time of APPROX-TSP-TOUR is &( V 2 ). We now show that if the cost function 
•^Bor an instance of the traveling-salesman problem satisfies the triangle inequality, 
■than Approx-TSP-Tour returns a tour whose cost is not more than twice the cost 
of <a0 optimal tour. 

Theorem35.2 

Approx-^SP-Tour is a polynomial-time 2-approximation algorithm for the 
traveling-sMasman problem with the triangle inequality. 

Proof WehWej ilready seen that Approx-TSP-Tour runs in polynomial time. 

Let H * deno^an optimal tour for the given set of vertices. We obtain a spanning 
tree by deleting an^eMge from a tour, and each edge cost is nonnegative. Therefore, 
the weight of the mi(ymum spanning tree T computed in line 2 of APPROX-TSP- 
TOUR provides a lowei^rjound on the cost of an optimal tour: 

c{T) < c(H*) . (\ (35.4) 

A full walk of T lists the ve^ces when they are first visited and also whenever 
they are returned to after a visit a subtree. Let us call this full walk W. The full 
walk of our example gives the amer 

a,b,c, b, h, b,a,d, e, j\ e, g, e, d*q^ 

Since the full walk traverses every ed^e^of T exactly twice, we have (extending 
our definition of the cost c in the natural^anner to handle multisets of edges) 

c(W) = 2c(T) . & (35.5) 

Inequality (35.4) and equation (35.5) imply 

c(W) < 2c(H*) , O (35 ' 6) 

and so the cost of W is within a factor of 2 of the co^iof an optimal tour. 

Unfortunately, the full walk W is generally not a tour, since it visits some ver- 
tices more than once. By the triangle inequality, however we can delete a visit to 
any vertex from W and the cost does not increase. (If weMelete a vertex v from W 
between visits to u and w, the resulting ordering specifieVgJging directly from u 
to w.) By repeatedly applying this operation, we can remove from W all but the 
first visit to each vertex. In our example, this leaves the ordering 

a,b,c,h, d, e, f,g . 

This ordering is the same as that obtained by a preorder walk of the tree T. Let H 
be the cycle corresponding to this preorder walk. It is a hamiltonian cycle, since ev- 
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ery vertex is visited exactly once, and in fact it is the cycle computed by APPROX- 
TSP-TOUR. Since H is obtained by deleting vertices from the full walk W, we 
•^Miave 

VtfO <c(W). (35.7) 
Confining inequalities (35.6) and (35.7) gives c(H) < 2c(H*), which completes 
the p5P<?f ■ ■ 

In sp^ of the nice approximation ratio provided by Theorem 35.2, Approx- 
TSP-Totft^is usually not the best practical choice for this problem. There are other 
approximate^ algorithms that typically perform much better in practice. (See the 
references at t}@end of this chapter.) 

35.2.2 The general traveling-salesman problem 

If we drop the assump^j^i that the cost function c satisfies the triangle inequality, 
then we cannot find gooxLarjproximate tours in polynomial time unless P = NP. 

Theorem 35.3 ^/c\ 

If P y£ NP, then for any constant* p > 1 , there is no polynomial-time approximation 
algorithm with approximation ratio j> for the general traveling-salesman problem. 

Proof The proof is by contradictio^: Suppose to the contrary that for some num- 
ber p > 1, there is a polynomial-timQtpproximation algorithm A with approx- 
imation ratio p. Without loss of gener^pjy, we assume that p is an integer, by 
rounding it up if necessary. We shall ther^Jhow how to use A to solve instances 
of the hamiltonian-cycle problem (defmed^i^Section 34.2) in polynomial time. 
Since Theorem 34.13 tells us that the hamilton^n-cycle problem is NP-complete, 
Theorem 34.4 implies that if we can solve it in pol^iomial time, then P = NP. 

Let G = (V, E) be an instance of the hamiltonian-cycle problem. We wish to 
determine efficiently whether G contains a hamiltonian cycle by making use of 
the hypothesized approximation algorithm A. We turn jG into an instance of the 
traveling-salesman problem as follows. Let G' = (V, E J fyqe the complete graph 
on V; that is, 

E' = {(u, v) : u, v e V and u ^ v} . 
Assign an integer cost to each edge in E' as follows: 

1 if (u, v) e E , 

p \ V\ + 1 otherwise . 



c(u, v) 



We can create representations of G' and c from a representation of G in time poly- 
nomial in I V I and I E I . 
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Now, consider the traveling-salesman problem (G',c). If the original graph G 
has a hamiltonian cycle H , then the cost function c assigns to each edge of H a 
•^ciost of 1, and so (G', c) contains a tour of cost \ V\. On the other hand, if G does 
■tfm contain a hamiltonian cycle, then any tour of G' must use some edge not in E. 
m^ny tour that uses an edge not in E has a cost of at least 

(p IW) + {\v\-i) = p\V\ + \V\ 



<5J > 

Because ecMe& not in G are so costly, there is a gap of at least p | V | between the cost 
of a tour thatv^a hamiltonian cycle in G (cost \ V\) and the cost of any other tour 
(cost at least pj^) + | V|). Therefore, the cost of a tour that is not a hamiltonian 
cycle in G is at l^$t a factor of p + 1 greater than the cost of a tour that is a 
hamiltonian cycle in^. 

Now, suppose that ,wfc' apply the approximation algorithm A to the traveling- 
salesman problem (G,c)r\ Because A is guaranteed to return a tour of cost no 
more than p times the coSt.M an optimal tour, if G contains a hamiltonian cycle, 
then A must return it. If Gna&no hamiltonian cycle, then A returns a tour of cost 
more than p\V\. Therefore, we^an use A to solve the hamiltonian-cycle problem 
in polynomial time. ^- ■ 

The proof of Theorem 35.3 senJgj) as an example of a general technique for 
proving that we cannot approximate S(problem very well. Suppose that given an 
NP-hard problem X, we can produce i^polynomial time a minimization prob- 
lem Y such that "yes" instances of X cor^pond to instances of Y with value at 
most k (for some k), but that "no" instance^Bf X correspond to instances of Y 
with value greater than pk. Then, we have sh^^j that, unless P = NP, there is no 
polynomial-time p-approximation algorithm for BT&blem Y . 

Exercises , 
35.2-1 

Suppose that a complete undirected graph G = (V, E) wWat least 3 vertices has 
a cost function c that satisfies the triangle inequality. Prove tf@ c(u, v) > 0 for all 

U, V <E V. 

35.2-2 

Show how in polynomial time we can transform one instance of the traveling- 
salesman problem into another instance whose cost function satisfies the triangle 
inequality. The two instances must have the same set of optimal tours. Explain 
why such a polynomial-time transformation does not contradict Theorem 35.3, as- 
suming that P ^ NP. 
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^ 35.2-3 

, Consider the following closest-point heuristic for building an approximate trav- 
^\ ding-salesman tour whose cost function satisfies the triangle inequality. Begin 
V'with a trivial cycle consisting of a single arbitrarily chosen vertex. At each step, 
identify the vertex u that is not on the cycle but whose distance to any vertex on the 
cyoiexis minimum. Suppose that the vertex on the cycle that is nearest u is vertex v. 
ExtSmhthe cycle to include u by inserting u just after v. Repeat until all vertices 
are on tpe>cycle. Prove that this heuristic returns a tour whose total cost is not more 
than twice^the cost of an optimal tour. 

35.2-4 

In the bottleneck traveling-salesman problem, we wish to find the hamiltonian cy- 
cle that minimiz^the cost of the most costly edge in the cycle. Assuming that the 
cost function satis^ek the triangle inequality, show that there exists a polynomial- 
time approximation ^orifhm with approximation ratio 3 for this problem. (Hint: 
Show recursively that can visit all the nodes in a bottleneck spanning tree, as 
discussed in Problem 23-^exactly once by taking a full walk of the tree and skip- 
ping nodes, but without skiing more than two consecutive intermediate nodes. 
Show that the costliest edge i^ bottleneck spanning tree has a cost that is at most 
the cost of the costliest edge in a bottleneck hamiltonian cycle.) 

Suppose that the vertices for an inkfance of the traveling-salesman problem are 
points in the plane and that the costWu, v) is the euclidean distance between 
points u and v. Show that an optimal to^never crosses itself. 

\ 

35.3 The set-covering problem ^ 

The set-covering problem is an optimization problem^th|it models many problems 
that require resources to be allocated. Its corresponding ^;ision problem general- 
izes the NP-complete vertex-cover problem and is therefoi^also NP-hard. The ap- 
proximation algorithm developed to handle the vertex-cover<problem doesn't apply 
here, however, and so we need to try other approaches. We shall examine a simple 
greedy heuristic with a logarithmic approximation ratio. That is, as the size of the 
instance gets larger, the size of the approximate solution may grow, relative to the 
size of an optimal solution. Because the logarithm function grows rather slowly, 
however, this approximation algorithm may nonetheless give useful results. 



35.2-5 
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Figure 35.3 An irretance (X, !F) of the set-covering problem, where X consists of the 12 black 
points and & = {5iM2^3> S4, S5, S&}. A minimum-size set cover is "C = {S3, S4, S5}, with 
size 3. The greedy algorithm produces a cover of size 4 by selecting either the sets Si, S4, S5, 
and S3 or the sets Si, S4, S>f and 56, in order. 

An instance (X, of K\p>set-covering problem consists of a finite set X and 
a family 3< of subsets of X, <uch that every element of X belongs to at least one 
subset in !F: 



X 



elem 



a mimmum- 



(35.8) 



We say that a subset S e !F covers its elements. The problem is to find ; 
size subset £cf whose members cover^of X : 

x=(Js. xS> 

We say that any C satisfying equation (35.8) cove~rk>X. Figure 35.3 illustrates the 
set-covering problem. The size of "C is the numberof sets it contains, rather than 
the number of individual elements in these sets, since Sverv subset € that covers X 
must contain all \X\ individual elements. In Figure 35\3,Hhe minimum set cover 
has size 3. 

The set-covering problem abstracts many commonly arisin^ombinatorial prob- 
lems. As a simple example, suppose that X represents a set of skills that are needed 
to solve a problem and that we have a given set of people available to work on the 
problem. We wish to form a committee, containing as few people as possible, 
such that for every requisite skill in X, at least one member of the committee has 
that skill. In the decision version of the set-covering problem, we ask whether a 
covering exists with size at most k, where k is an additional parameter specified 
in the problem instance. The decision version of the problem is NP-complete, as 
Exercise 35.3-2 asks you to show. 
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A greedy approximation algorithm 

^ The greedy method works by picking, at each stage, the set S that covers the great- 
\<^ st number of remaining elements that are uncovered. 

dy-Set-Cover(Z, y) 

2 "60i 0 

3 whR&U ^ 0 

4 s<£|gbt an 5* e 5^ that maximizes | S fl U \ 

5 (7 Y^C/ - S 

6 e =^{S} 

7 return £ tft 

In the example of Figure 35.3, Greedy-Set-Cover adds to in order, the sets 
Si, S 4 , and S 5 , followed^y either S 3 or 5*6. 

The algorithm works' a# follows. The set U contains, at each stage, the set of 
remaining uncovered elements. The set C contains the cover being constructed. 
Line 4 is the greedy decisioVroaking step, choosing a subset S that covers as many 
uncovered elements as possible (breaking ties arbitrarily). After S is selected, 
line 5 removes its elements from^C/^nd line 6 places S into *C. When the algorithm 
terminates, the set *C contains a sim»mjly of 3* that covers X. 

We can easily implement GREED"fc($ET-Cc>VER to run in time polynomial in | X \ 
and | !F \ . Since the number of iteratioiObf the loop on lines 3-6 is bounded from 
above by min(|X| , |#"|), and we can^^lement the loop body to run in time 
0(1X1 1^1), a simple implementation runstjjJXime 0(| X | 1^1 min(|X| , I^D). Ex- 
ercise 35.3-3 asks for a linear-time algorithi^(^) 

Analysis 

We now show that the greedy algorithm returns a set-spver that is not too much 
larger than an optimal set cover. For convenience, in this .chapter we denote the dth 
harmonic number = Yl1=\ 1/ * ( see Section A.l) o^M{d). As a boundary 
condition, we define H(0) = 0. < 

Theorem 35.4 

Greedy-Set-Cover is a polynomial-time p(«)-approximation algorithm, where 
p(n) = //(max{|S| : S e F}) . 



Proof We have already shown that Greedy-Set-Cover runs in polynomial 
time. 
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To show that Greedy-Set-Cover is a p(«)-approximation algorithm, we as- 
sign a cost of 1 to each set selected by the algorithm, distribute this cost over 
•^ftie elements covered for the first time, and then use these costs to derive the de- 
■eimd relationship between the size of an optimal set cover '€* and the size of the 
se1r^)pver X? returned by the algorithm. Let 5 1 , denote the zth subset selected by 
Gre^oY- Set-Cover; the algorithm incurs a cost of 1 when it adds 5, to We 
spreaa ttm cost of selecting Sj evenly among the elements covered for the first time 
by Sj. ttek&jc denote the cost allocated to element x, for each x € X. Each element 
is assignea a*cost only once, when it is covered for the first time. If x is covered 
for the first tims-by 5, , then 



^■-(Si^U-UUI 



Each step of the algo^Shm assigns 1 unit of cost, and so 

\e\ = Y J C x . \>' (35.9) 

xeX 

Each element x e X is in a^lfcast one set in the optimal cover "€*, and so we have 

Combining equation (35.9) and in^qjj^lity (35.10), we have that 

Se~e* xeS Q 
The remainder of the proof rests on the foHpwing key inequality, which we shall 
prove shortly. For any set S belonging to me^mily 3?, 

Y,Cx<H(\S\). ^6 (35.12) 

xeS Q 
From inequalities (35.11) and (35.12), it follows th^ 

< ■ H(max{\S\ : S e F}) , 0> 

thus proving the theorem. < 

All that remains is to prove inequality (35.12). Consider any set S e F and any 
i = l,2,...,|C|,andlet 

ut = \S-(Si U5 2 U---U5,)| 

be the number of elements in S that remain uncovered after the algorithm has 
selected sets Si, S 2 S,. We define u 0 = \S\ to be the number of elements 
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of S, which are all initially uncovered. Let k be the least index such that = 0, 
so that every element in 5 is covered by at least one of the sets Si , S 2 , ■ ■ ■ , S/t and 
^\ some element in S is uncovered by Si U S 2 U • • • U Sjt-i. Then, u*_i > u ; , and 
Sni-i — Ui elements of 5 are covered for the first time by Si, for i = 1,2, ... ,k. 

&"'--"' ) -|*-(S.us!u...us,. 1 )|- 

Observe tl^J 

|s,-(s,i*£jj...us,_i)l > |s-(s,us 2 u — us,_,)| 

because the greeav^hoice of 5, guarantees that S cannot cover more new ele- 
ments than Si does (otjierwise, the algorithm would have chosen S instead of Si), 
Consequently, we obraij*^ 

x€S i = l ^ 1 

We now bound this quantity as follows: 

k ! <5 . 

y~l c x < y^(u,_i -m) — 

JtSS 1=1 ' ' ^\ 

E E ^ ^ 

*6 



1=1 7=u,+l 



< E ~ (becauseV^Mi-i) 



i = l y= U; +l ^ 



i=i 



i=i 

= H(u 0 ) — H(iik) (because the sum telescopes) 

= H(u 0 )-H(0) 

= H(u 0 ) (because H(0) = 0) 

= H(\S\), 
which completes the proof of inequality (35.12). 
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Corollary 35.5 

Greedy-Set-Cover is a polynomial-time (In \X\ + l)-approximation algorithm. 

Proof Use inequality (A. 14) and Theorem 35.4. ■ 

S^frne applications, max {|5| : S e !F} is a small constant, and so the solution 
returne^kby Greedy-Set-Cover is at most a small constant times larger than 
optimah-^Dne such application occurs when this heuristic finds an approximate 
vertex coveWor a graph whose vertices have degree at most 3. In this case, the 
solution foujjd by Greedy-Set-Cover is not more than H(3) = 11/6 times as 
large as an op^mal solution, a performance guarantee that is slightly better than 
that of Approjc^Vertex-Cover. 

Exercises C , 

35.3-1 (A 

Consider each of the folloK^jig words as a set of letters: {arid, dash, drain, 
heard, lost, nose, shuri^s\Late, snare, thread}. Show which set cover 
Greedy-Set-Cover produceanfc'hen we break ties in favor of the word that ap- 
pears first in the dictionary. 

35.3-2 *6 



Show that the decision version of thx set-covering problem is NP-complete by 
reducing it from the vertex-cover proble 

35.3-3 ^ 

Show how to implement Greedy- SET-Covf^iji such a way that it runs in time 

0(Z Se3 r\S\). O 

35.3-4 

Show that the following weaker form of Theorem 35.4 ^Ijivially true: 
\€\ < |£*|max{|S| : S € F} . O, 

35.3-5 

Greedy-Set-Cover can return a number of different solutions, depending on 
how we break ties in line 4. Give a procedure Bad-Set-Cover-Instance(«) 
that returns an n -element instance of the set-covering problem for which, depend- 
ing on how we break ties in line 4, Greedy-Set-Cover can return a number of 
different solutions that is exponential in n . 
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35.4 Randomization and linear programming 

^< 

\Mi this section, we study two useful techniques for designing approximation algo- 
i^0m^: randomization and linear programming. We shall give a simple randomized 
algdpthm for an optimization version of 3-CNF satisfiability, and then we shall use 
lineai^rogramming to help design an approximation algorithm for a weighted ver- 
sion of (S^p vertex-cover problem. This section only scratches the surface of these 
two powerful techniques. The chapter notes give references for further study of 
these areas x !^>' 

V 

A randomized approximation algorithm for MAX-3-CNF satisfiability 

Just as some randomized algorithms compute exact solutions, some randomized 
algorithms compute Njpgroximate solutions. We say that a randomized algorithm 
for a problem has an approximation ratio of p(n) if, for any input of size n, the 
expected cost C of the so'yjtimi produced by the randomized algorithm is within a 
factor of pin) of the cost C<^of an optimal solution: 

/ C C*\ 

max y— , — J < p(n) . (35.13) 

We call a randomized algorithm th^achieves an approximation ratio of p(n) a 
randomized p(n) -approximation algorithm. In other words, a randomized ap- 
proximation algorithm is like a deterministic approximation algorithm, except that 
the approximation ratio is for an expected ^^t. 

A particular instance of 3-CNF satisfiabiH#^\as defined in Section 34.4, may or 
may not be satisfiable. In order to be satisfiablaThere must exist an assignment of 
the variables so that every clause evaluates to 1. Iwift instance is not satisfiable, we 
may want to compute how "close" to satisfiable it is, that is, we may wish to find an 
assignment of the variables that satisfies as many cfaus^s as possible. We call the 
resulting maximization problem MAX-3-CNF satisfiabiutx. The input to MAX-3- 
CNF satisfiability is the same as for 3-CNF satisfiabilityHWl the goal is to return 
an assignment of the variables that maximizes the numbej^Df clauses evaluating 
to 1. We now show that randomly setting each variable to 1 with probability 1/2 
and to 0 with probability 1/2 yields a randomized 8/7-approximation algorithm. 
According to the definition of 3-CNF satisfiability from Section 34.4, we require 
each clause to consist of exactly three distinct literals. We further assume that 
no clause contains both a variable and its negation. (Exercise 35.4-1 asks you to 
remove this last assumption.) 
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Theorem 35.6 

Given an instance of MAX-3-CNF satisfiability with n variables Xy,x 2 , ■ . . ,x n 
•^and m clauses, the randomized algorithm that independently sets each vari- 
«me to 1 with probability 1/2 and to 0 with probability 1/2 is a randomized 
8/(^pproximation algorithm. 

Proof f&uppose that we have independently set each variable to 1 with probabil- 
ity 1/2 andvto 0 with probability 1/2. For i = 1,2, . . . ,m, we define the indicator 
random van^le 

Yj = I {claus^ is satisfied} , 

so that Yj = 1 as'long as we have set at least one of the literals in the ith clause 
to 1 . Since no literal appears more than once in the same clause, and since we have 
assumed that no variable and its negation appear in the same clause, the settings of 
the three literals ineac^cWare independent. A clause is not satisfied only if all 
three of its literals are set<£<yO, and so Pr {clause i is not satisfied} = (1/2) 3 = 1/8. 
Thus, we have Pr {clause dissatisfied} = 1 — 1/8 = 7/8, and by Lemma 5.1, 
we have E [Yj] = 7/8. Let ^be the number of satisfied clauses overall, so that 
Y = Yi + Y 2 + ■ • ■ + Y m . Theffie have 



E[Y] 



E^ 

;' = 1 

/=i 

m 

= E 7 / 8 

i=\ 

= lm/% . 



V 

(by linearity of^pjectation) 

°6 



Clearly, m is an upper bound on the number of satisfied clauses, and hence the 
approximation ratio is at most m/(7m/8) = 8/7. q ■ 



Approximating weighted vertex cover using linear programming 

In the minimum-weight vertex-cover problem, we are given an undirected graph 
G = (V, E) in which each vertex v e V has an associated positive weight w(v). 
For any vertex cover V C V, we define the weight of the vertex cover w(V) = 
J2vev w(v). The goal is to find a vertex cover of minimum weight. 

We cannot apply the algorithm used for unweighted vertex cover, nor can we use 
a random solution; both methods may return solutions that are far from optimal. 
We shall, however, compute a lower bound on the weight of the minimum-weight 
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vertex cover, by using a linear program. We shall then "round" this solution and 
use it to obtain a vertex cover. 

Suppose that we associate a variable x(y) with each vertex v € V, and let us 
'('require that x(v) equals either 0 or 1 for each v € V. We put v into the vertex cover 
tf^tnd only if x{y) = 1. Then, we can write the constraint that for any edge (u, v), 
at |<eMt one of u and v must be in the vertex cover as x(u) + x(v) > 1. This view 
give^f/rise to the following 0-1 integer program for finding a minimum-weight 
vertex c^er: 

minimize , 0> w{v)x(v) (35.14) 




subject to > < / ^> 

xfc£}rtx(v) > 1 for each (u, v) e E (35.15) 
\\lv) e {0,1} for each veF. (35.16) 

In the special case ^rKwhich all the weights w(v) are equal to 1, this formu- 
lation is the optimization version of the NP-hard vertex-cover problem. Sup- 
pose, however, that we rem&ve the constraint that x(v) e {0, 1} and replace it 
by 0 < x(v) < 1. We then obtewi the following linear program, which is known as 
the linear-programming relaxation: 

minimize ^^w(v)x(v) \ (35.17) 

subject to O 

x(u) + x(v) > 1 fo^0?h (u, v) € E (35.18) 

x(v) < 1 forea&ie K (35.19) 

x(v) > 0 foreacVt^K . (35.20) 

Any feasible solution to the 0-1 integer program^ lines (35. 14)— (35. 16) is also 
a feasible solution to the linear program in lines (3*>.17)-(35.20). Therefore, the 
value of an optimal solution to the linear program give^lMower bound on the value 
of an optimal solution to the 0-1 integer program, and h^;e a lower bound on the 
optimal weight in the minimum-weight vertex-cover problem. 

The following procedure uses the solution to the linear-programming relaxation 
to construct an approximate solution to the minimum- weight vertex-cover problem: 
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Approx-Min-Weight-VC (G, w) 
1 C = 0 

compute x, an optimal solution to the linear program in lines (35.17)-(35.20) 
for each v e V 

4 Cj) .if *(v) > 1/2 

5 O C = C U {v} 

6 ret^i C 

The Ap^r^x-Min-Weight-VC procedure works as follows. Line 1 initial- 
izes the veffex> cover to be empty. Line 2 formulates the linear program in 
lines (35.17)-^35^20) and then solves this linear program. An optimal solution 
gives each vertex iKan associated value x(v), where 0 < x(v) < 1. We use this 
value to guide the ciiaiee of which vertices to add to the vertex cover C in lines 3-5. 
If x(v) > 1/2, we aad u to C; otherwise we do not. In effect, we are "rounding" 
each fractional variablV^ irUhe solution to the linear program to 0 or 1 in order to 
obtain a solution to the OH integer program in lines (35.14)-(35.16). Finally, line 6 
returns the vertex cover C . «^>^ 

Theorem 35.7 

Algorithm Approx-Min-Weight-WI! is a polynomial-time 2-approximation al- 
gorithm for the minimum-weight ve(rax-cover problem. 

Proof Because there is a polynomial-tj'mp algorithm to solve the linear program 
in line 2, and because the for loop of lines (3\5 runs in polynomial time, Approx- 
Min-Weight-VC is a polynomial-time aigonjhm. 

Now we show that Approx-Min-WeigT^VC is a 2-approximation algo- 
rithm. Let C * be an optimal solution to the mrmmum-weight vertex-cover prob- 
lem, and let z* be the value of an optimal sohmHn to the linear program in 
lines (35.17)-(35.20). Since an optimal vertex cover is a feasible solution to the 
linear program, z* must be a lower bound on if (C*),1h^] s is, 

z* < w{C*) . O ( 35 - 21 ) 

Next, we claim that by rounding the fractional values of tn^Variables x(v), we 
produce a set C that is a vertex cover and satisfies w(C) < 2z*. To see that C is 
a vertex cover, consider any edge (u,v) e E. By constraint (35.18), we know that 
x(u) + x{v) > 1, which implies that at least one of x(u) and x(v) is at least 1/2. 
Therefore, at least one of u and v is included in the vertex cover, and so every edge 
is covered. 

Now, we consider the weight of the cover. We have 
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z* = }w(v)x(v) 

veV 

v&V:x(v)>\/2 




= ^u;(C).<V (35.22) 
Combining inequalitie^(35.21) and (35.22) gives 
w(C) < 2z* < 2iu(C*)£^ 

and hence Approx-Min-W^^HT-VC is a 2-approximation algorithm. ■ 

Exercises ^) 
35.4-7 

Show that even if we allow a clause to coptain both a variable and its negation, ran- 
domly setting each variable to 1 with prbteamlity 1/2 and to 0 with probability 1/2 
still yields a randomized 8/7-approximatioV algorithm. 



35.4-2 O 

The MAX-CNF satisfiability problem is like the fly[AX-3-CNF satisfiability prob- 
lem, except that it does not restrict each clause to Uave exactly 3 literals. Give a 
randomized 2-approximation algorithm for the MAX-^JF satisfiability problem. 

35.4-3 

In the MAX-CUT problem, we are given an unweighted ismdirected graph G = 
(V, E). We define a cut (S, V — S) as in Chapter 23 and the weight of a cut as the 
number of edges crossing the cut. The goal is to find a cut of maximum weight. 
Suppose that for each vertex v, we randomly and independently place v in S with 
probability 1/2 and in V — S with probability 1/2. Show that this algorithm is a 
randomized 2-approximation algorithm. 
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, Show that the constraints in line (35.19) are redundant in the sense that if we re- 
\jmove them from the linear program in lines (35.17)-(35.20), any optimal solution 
■t<yhe resulting linear program must satisfy x(y) < 1 for each v € V. 
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Recall fro m3se stion 34.5.5 that an instance of the subset-sum problem is a 
pair (S, t), wfiere S is a set {x lf x 2 , . . . , x n } of positive integers and t is a posi- 
tive integer. Thi^decision problem asks whether there exists a subset of S that 
adds up exactly to^ihVtarget value t. As we saw in Section 34.5.5, this problem is 
NP-complete. C 

The optimization pf^lep associated with this decision problem arises in prac- 
tical applications. In fr^r optimization problem, we wish to find a subset of 
{xi, x 2 , . . . , x n } whose sunf^is as large as possible but not larger than t. For ex- 
ample, we may have a truck can carry no more than t pounds, and n different 
boxes to ship, the ith of which ^ighs x, pounds. We wish to fill the truck with as 
heavy a load as possible without exceeding the given weight limit. 

In this section, we present an exp*mential-time algorithm that computes the op- 
timal value for this optimization proble^h, and then we show how to modify the 
algorithm so that it becomes a fully polvnsmial-time approximation scheme. (Re- 
call that a fully polynomial-time approximation scheme has a running time that is 
polynomial in 1/e as well as in the size oMf^uiput.) 

An exponential-time exact algorithm q 

Suppose that we computed, for each subset the sum of the elements 

in S', and then we selected, among the subsets wh«se sum does not exceed t, 
the one whose sum was closest to t. Clearly this algoi^pkn would return the op- 
timal solution, but it could take exponential time. To in(£]^ment this algorithm, 
we could use an iterative procedure that, in iteration i, S^iputes the sums of 
all subsets of {x l} x 2 , . . . , Xi}, using as a starting point the sums of all subsets 
of {xy , x 2 , ■ ■ ■ , Xi-\ }. In doing so, we would realize that once a particular subset S' 
had a sum exceeding t, there would be no reason to maintain it, since no super- 
set of S' could be the optimal solution. We now give an implementation of this 
strategy. 

The procedure Exact-Subset-Sum takes an input set S = {x Y ,x 2 , . . . ,x n } 
and a target value t; we'll see its pseudocode in a moment. This procedure it- 
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eratively computes L, : , the list of sums of all subsets of {jci , . . . , x, } that do not 
exceed t, and then it returns the maximum value in L n . 
\Q If L is a list of positive integers and x is another positive integer, then we let 
v^fl, + x denote the list of integers derived from L by increasing each element of L 
yg$c. For example, if L = (1,2,3,5,9), then L + 2 = (3,4,5,7, 11). We also use 
tm^matation for sets, so that 

S + {s + x : s e S} . 



We also^use an auxiliary procedure MERGE-LlSTS (L, L'), which returns the 
sorted list,<triat,is the merge of its two sorted input lists L and L' with duplicate 
values remo\ed. Like the Merge procedure we used in merge sort (Section 2.3.1), 
MERGE-Lisf!puns in time 0{\L\ + \L'\). We omit the pseudocode for Merge- 
Lists. 



Exact-Subset-SumXS, t) 

1 n = \S\ A 

2 L 0 = (0) <\ 

3 for i = 1 to n 

4 L, = MergE-ListS^L,-_i, L,;_i +x,) 

5 remove from L t every element that is greater than t 

6 return the largest element in 

To see how Exact-Sub SET-SlT?^works, let P, denote the set of all values 
obtained by selecting a (possibly emp© subset of {xi,x 2 , ■ ■ ■ ,x,} and summing 
its members. For example, if S = { 1 , 4^Jp]^fhen 

Pi = {0, 1} , 

P 2 = {0,1,4,5} , 

P 3 = {0,1,4,5,6,9,10} . 

Given the identity , 

Pi = /> _! U + Xi ) , O (35.23) 

we can prove by induction on i (see Exercise 35.5-1) tharate list L, is a sorted list 
containing every element of P, whose value is not more man t. Since the length 
of L, can be as much as 2' , Exact-Subset-Sum is an exponential-time algorithm 
in general, although it is a polynomial-time algorithm in the special cases in which t 
is polynomial in 1 5 1 or all the numbers in 5 are bounded by a polynomial in | S \ . 



A fully polynomial-time approximation scheme 



We can derive a fully polynomial-time approximation scheme for the subset-sum 
problem by "trimming" each list L, after it is created. The idea behind trimming is 
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that if two values in L are close to each other, then since we want just an approxi- 
mate solution, we do not need to maintain both of them explicitly. More precisely, 
•^Ve use a trimming parameter 8 such that 0 < 8 < 1. When we trim a list L by 8, 
«ra remove as many elements from L as possible, in such a way that if L' is the 
resflft of trimming L, then for every element y that was removed from L, there is 
an elpfrjent z still in L' that approximates y, that is, 

TTS%- y - (35 " 24) 

We can fh«ri£)of such a z as "representing" y in the new list L' . Each removed 

element y is represented by a remaining element z satisfying inequality (35.24). 

For example, 0- 1 m< ^ 

L = (10, 11, 12, 1(^20,21,22, 23, 24, 29) , 

then we can trim L t^obt^in 

V = (10, 12, 15,20,2$^ , 

where the deleted value l<J^js represented by 10, the deleted values 21 and 22 
are represented by 20, and deleted value 24 is represented by 23. Because 
every element of the trimmed version of the list is also an element of the original 
version of the list, trimming can aramatically decrease the number of elements kept 
while keeping a close (and slightly &H4aller) representative value in the list for each 
deleted element. / 

The following procedure trims list Jy~Ayi,y 2 , . . . , y m ) in time 0(m), given L 
and 8, and assuming that L is sorted imo_monotonically increasing order. The 
output of the procedure is a trimmed, sort$aM^§t. 

Trim(L,<5) 

1 let m be the length of L 

2 L> = ( yi ) 

3 last = Ji » 

4 for i = 2 to m Q), 

5 if yi > last ■ (1 + 8) II yi > last because sorted 

6 append j, onto the end of L' y^X 

7 last = y t 

8 return L' 

The procedure scans the elements of L in monotonically increasing order. A num- 
ber is appended onto the returned list L' only if it is the first element of L or if it 
cannot be represented by the most recent number placed into L'. 

Given the procedure Trim, we can construct our approximation scheme as fol- 
lows. This procedure takes as input a set S = {xi,x 2 , ■ ■ ■ ,x n } of n integers (in 
arbitrary order), a target integer t, and an "approximation parameter" e, where 
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4 
5 
6 
7 



0 < 6 < 1 . (35.25) 
It returns a value z whose value is within al + e factor of the optimal solution. 

^Approx-Subset-Sum(5, t, e) 
X$>n = \S\ 

rs6» = (o> 

3 t«(^j — 1 to n 

(<jx = Merge-Lists(L,_ 1 , L,_! +Xi) 
VN= TRiM(L,,e/2n) 

remove from L, : every element that is greater than t 
let z* be^thgdargest value in L n 
8 return z* 

Line 2 initializes tjleMist L 0 to be the list containing just the element 0. The for 
loop in lines 3-6 computes L, as a sorted list containing a suitably trimmed ver- 
sion of the set P t , with^ll elements larger than t removed. Since we create L; 
from Lj_i, we must ensure* lhat the repeated trimming doesn't introduce too much 
compounded inaccuracy, ip^ moment, we shall see that Approx-Subset-Sum 
returns a correct approximatioirvif one exists. 
As an example, suppose weiiave the instance 

S = (104, 102,201, 101) % «A 

with t = 308 and e = 0.40. The trimming parameter S is e/8 = 0.05. Approx- 
Subset-Sum computes the following@lues on the indicated lines: 

line 2: L 0 = (0) , vP* 

<3\ 



line 4 
line 5 
line 6 

line 4 
line 5 
line 6 

line 4 
line 5 
line 6 

line 4 
line 5 
line 6 



Li = (0, 104) , ^ 

U = <0,104>, O 

h x = (0,104), O 

L 2 = (0,102,104,206), 

L 2 = (0,102,206), 

L 2 = (0, 102,206) , 

L 3 = (0,102,201,206,303,407), 

L 3 = (0,102,201,303,407), 

L 3 = (0, 102,201,303) , 

L 4 = (0,101,102,201,203,302,303,404), 

L 4 = (0, 101,201,302,404) , 

L 4 = (0, 101,201,302) . 
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The algorithm returns z* = 302 as its answer, which is well within e = 40% of 
the optimal answer 307 = 104 + 102 + 101; in fact, it is within 2%. 

tPhporem 35.8 

Ap^OX-Subset-Sum is a fully polynomial-time approximation scheme for the 




sum problem. 

Proof ^Xbe operations of trimming L, in line 5 and removing from L, every ele- 
ment thariVgreater than t maintain the property that every element of L, is also a 
member of fff. Therefore, the value z * returned in line 8 is indeed the sum of some 
subset of S. ^£etjV* e P„ denote an optimal solution to the subset-sum problem. 
Then, from line 6f we know that z* < y* . By inequality (35.1), we need to show 
that y* /z* < 1 +^^We must also show that the running time of this algorithm is 
polynomial in both X/e and the size of the input. 

As Exercise 35.5-2 s^s vou to show, for every element y in P, that is at most t, 
there exists an element z(e*L, such that 

n ~ y n v < Z < y ■ ^ (35.26) 
(1 + e/2n)' K 

Inequality (35.26) must hold for y* € P n , and therefore there exists an element 
Z e L n such that * 



y 



(1 + e/2n)» ~ ~ y O 
and thus 

— < (l + ■ >C<J (35.27) 
Z V 2n/ Q 

Since there exists an element z 6 L„ fulfilling inqf|uality (35.27), the inequality 
must hold for z*, which is the lai - gest value in L n ; tha^ is, 

y* / e \" O 

? s ( 1 + 5) ' O < 35 - 28 > 

Now, we show that y*/z* < 1 + e. We do so by showing^that (1 + e/2n) n < 
1 + e. By equation (3.14), we have lim„^ 00 (l + e/2n) n = e e/2 . Exercise 35.5-3 
asks you to show that 

— (1 + — ) > 0. (35.29) 
V 2n> 

Therefore, the function (1 + e/2n) n increases with n as it approaches its limit 
of e e/2 , and we have 



V 
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< e €/2 



2n ■ 

2 



^\ < \ + e/2+(e/2Y (by inequality (3.13)) 

< 1 + € (by inequality (35.25)) . (35.30) 

(Siniftining inequalities (35.28) and (35.30) completes the analysis of the approxi- 
matioVratio. 

To^sNqw that Approx-Subset-Sum is a fully polynomial-time approximation 
scheme\wg derive a bound on the length of L, . After trimming, successive ele- 
ments z andV pf Li must have the relationship z'/z > l+e/2n. That is, they must 
differ by a J^ctor of at least 1 + e/2n. Each list, therefore, contains the value 0, 
possibly the ^poe 1, and up to |_l°gi+<F/2n ? J additional values. The number of 
elements in eac Lj is at most 

^ v* In? 

l og l+e/2n t + 2 =Y^77— 7^rT + 2 



ln^i + e/2n) 

+ 2 (by inequality (3.17)) 



2nfr+ e/2n)\nt 



<* 6 
3n ln> ^ 

< Q02 (by inequality (35.25)) . 

This bound is polynomial in the s4^of the input— which is the number of bits lg t 
needed to represent t plus the number^ bits needed to represent the set S, which is 
in turn polynomial in n— and in 1/e. Since the running time of Approx-Subset- 
Sum is polynomial in the lengths of tfie^iv, we conclude that Approx-Subset- 
Sum is a fully polynomial-time approximation scheme. ■ 



Exercises 



35.5-1 



°6 



Prove equation (35.23). Then show that after executing line 5 of Exact-Subset- 
Sum, Lj is a sorted list containing every element of whose value is not more 
than t. O 



35.5-2 

Using induction on i, prove inequality (35.26). 



35.5-3 

Prove inequality (35.29). 
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^ 35.5-4 

, How would you modify the approximation scheme presented in this section to find 
\^ good approximation to the smallest value not less than t that is a sum of some 
•eripset of the given input list? 

Modi$5Uhe Approx-Subset-Sum procedure to also return the subset of S that 
sums toMne value z*. 



Problems 



'•0 

35-1 Bin packing 

Suppose that we are gi*fen a set of n objects, where the size j,- of the ith object 
satisfies 0 < Si < 1. We^sh to pack all the objects into the minimum number of 
unit-size bins. Each bin caff hold any subset of the objects whose total size does 
not exceed 1 . ^\ 

a. Prove that the problem of determining the minimum number of bins required is 
NP-hard. (Hint: Reduce from the subset-sum problem.) 

The first-fit heuristic takes each object^n turn and places it into the first bin that 
can accommodate it. Let S = Y11=i s i- Q 

b. Argue that the optimal number of binsx^fuired is at least \S~\ . 

c. Argue that the first-fit heuristic leaves at m<^)one bin less than half full. 

d. Prove that the number of bins used by the n^i-fit heuristic is never more 
than \2S] . 

e. Prove an approximation ratio of 2 for the first-fit heirri^tie. 

/. Give an efficient implementation of the first-fit heuristic, analyze its running 
time. 



35-2 Approximating the size of a maximum clique 

Let G = (V, E) be an undirected graph. For any k > 1, define G (fc) to be the undi- 
rected graph (V^ k \ E^), where is the set of all ordered & -tuples of vertices 
from V and E^ is defined so that (vi, v 2 , . . . , Vk) is adjacent to (w\, w 2 , ■ ■ ■ , Wk) 
if and only if for i = 1,2, ... ,k, either vertex u, is adjacent to u>, in G, or else 
v f = Wi. 
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a. Prove that the size of the maximum clique in is equal to the kth power of 
the size of the maximum clique in G. 

Argue that if there is an approximation algorithm that has a constant approxi- 
^Covtnation ratio for finding a maximum-size clique, then there is a polynomial-time 
\Wproximation scheme for the problem. 

<$> 

35-3 Weighted set-covering problem 

Suppose ^l*at we generalize the set-covering problem so that each set S, in the 
family 3> nas>an associated weight u>, and the weight of a cover C is Xls-ee w i- 
We wish to determine a minimum-weight cover. (Section 35.3 handles the case in 
which Wi = 1 for-all i.) 

Show how to^gensralize the greedy set-covering heuristic in a natural manner 
to provide an approximate solution for any instance of the weighted set-covering 
problem. Show that y^uriieuristic has an approximation ratio of H(d), where d is 
the maximum size of any set S, . 

35-4 Maximum matching. 

Recall that for an undirected \graph G, a matching is a set of edges such that no 
two edges in the set are incident* onihe same vertex. In Section 26.3, we saw how 
to find a maximum matching in a%ipartite graph. In this problem, we will look at 
matchings in undirected graphs in general (i.e., the graphs are not required to be 
bipartite). Q 

a. A maximal matching is a matching^^is not a proper subset of any other 
matching. Show that a maximal matchingiteed not be a maximum matching by 
exhibiting an undirected graph G and a maxH«al matching M in G that is not a 
maximum matching. {Hint: You can find sucri^^raph with only four vertices.) 

b. Consider an undirected graph G = (V, E). Gi^e an 0(£)-time greedy algo- 
rithm to find a maximal matching in G. 

In this problem, we shall concentrate on a polynomial-titp^j approximation algo- 
rithm for maximum matching. Whereas the fastest known algorithm for maximum 
matching takes superlinear (but polynomial) time, the approximation algorithm 
here will run in linear time. You will show that the linear-time greedy algorithm 
for maximal matching in part (b) is a 2-approximation algorithm for maximum 
matching. 



c. Show that the size of a maximum matching in G is a lower bound on the size 
of any vertex cover for G. 
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d. Consider a maximal matching M in G — (V, E). Let 

* r\ T = {v e V : some edge in M is incident on v} . 

'^What can you say about the subgraph of G induced by the vertices of G that 
C^enot in 7? 



e. Collude from part (d) that 2 \M\ is the size of a vertex cover for G. 

f. Using^pts (c) and (e), prove that the greedy algorithm in part (b) is a 2-approx- 
imation algorithm for maximum matching. 



35-5 Parallel^ntaehine scheduling 
In the parallel-mamim -scheduling problem, we are given n jobs, J x , J 2 , . . . , J„, 
where each job Jk has an associated nonnegative processing time of pk- We are 
also given m identical machines, M x , M 2 , . . . , M m . Any job can run on any ma- 
chine. A schedule specifies, for each job Jk, the machine on which it runs and 
the time period during whi^itruns. Each job Jk must run on some machine M, 
for pk consecutive time unit£ and during that time period no other job may run 
on Mj. Let Ck denote the completion time of job Jk, that is, the time at which 
job Jk completes processing. Giv«n a^chedule, we define C max = maxi<y<„ Cj to 
be the makespan of the schedule. T(hfy goal is to find a schedule whose makespan 
is minimum. 

For example, suppose that we have tv^pachines M x and M 2 and that we have 
four jobs J i, J 2 , J3, J4, with p x = 2, p 2 @J2, p 3 = 4, and p 4 = 5. Then one 
possible schedule runs, on machine M^pbaj! followed by job J 2 , and on ma- 
chine M 2 , it runs job J 4 followed by job J 3 . YjpKthis schedule, C\ = 2, C 2 = 14, 
C 3 = 9, C 4 = 5, and C max = 14. An optimal scrajmile runs J 2 on machine M\, and 
it runs jobs J u J 3 , and J A on machine M 2 . For ttm^chedule, C x = 2, C 2 = 12, 
C 3 = 6, C 4 = 11, and C max = 12. ^ 

Given a parallel-machine-scheduling problem, we \%t Cl. iy , denote the makespan 
of an optimal schedule. v. ^ 

a. Show that the optimal makespan is at least as large as tih^greatest processing 
time, that is, * 

Cax > , m , ax Pk ■ 

l<k<n 

b. Show that the optimal makespan is at least as large as the average machine load, 
that is, 

c* > - y Pk . 

\<k<n 
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Suppose that we use the following greedy algorithm for parallel machine schedul- 
ing: whenever a machine is idle, schedule any job that has not yet been scheduled. 

^4. Write pseudocode to implement this greedy algorithm. What is the running 
stime of your algorithm? 

d. ^or^he schedule returned by the greedy algorithm, show that 
CnJ^Lr- J"* Pk + max p k . 

* Jn ^-^ \<k<n 

Conclude thjJt this algorithm is a polynomial-time 2-approximation algorithm. 

Let G = (V, E) be ai^undirected graph with distinct edge weights w(u, v) on each 
edge (u, v) 6 E. For <^a&h vertex v e V, let max(v) = max( u , v ) e£ {w(u, v)} be 
the maximum-weight ed^>incident on that vertex. Let Sg = {max(v) : v £ V} 
be the set of maximum-weight edges incident on each vertex, and let Tq be the 



maximum-weight spanning u(&^)of G, that is, the spanning tree of maximum total 
weight. For any subset of edges E' C E, define w(E') = v)s£ , w(u, v). 

a. Give an example of a graph wi^tPatieast 4 vertices for which Sg = T G . 

X 

b. Give an example of a graph with atvleW 4 vertices for which Sg Tq. 




d. Prove that w(T G ) > w(Sg)/2 for any grapf 

e. Give an 0(V + £)-time algorithm to compute a 2-approximation to the maxi- 
mum spanning tree. • 

35-7 An approximation algorithm for the 0-1 knapsJt^problem 

Recall the knapsack problem from Section 16.2. There are/? items, where the z'th 
item is worth v t dollars and weighs Wi pounds. We are also given a knapsack 
that can hold at most W pounds. Here, we add the further assumptions that each 
weight w t is at most W and that the items are indexed in monotonically decreasing 
order of then - values: V\ > v 2 > ■ ■ ■ > v n . 

In the 0-1 knapsack problem, we wish to find a subset of the items whose total 
weight is at most W and whose total value is maximum. The fractional knapsack 
problem is like the 0-1 knapsack problem, except that we are allowed to take a 
fraction of each item, rather than being restricted to taking either all or none of 
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each item. If we take a fraction x, of item i , where 0 < x, ■ < 1 , we contribute 
• x, w, to the weight of the knapsack and receive value x t v, . Our goal is to develop 
\^ polynomial-time 2-approximation algorithm for the 0-1 knapsack problem, 
/in order to design a polynomial-time algorithm, we consider restricted instances 
of(tto 0-1 knapsack problem. Given an instance / of the knapsack problem, we 
fornvr^tricted instances Ij, for j = 1, 2, ...,«, by removing items 1, 2, . . . , j — 1 
and reampng the solution to include item j (all of item j in both the fractional 
and 0-1 Kwapsack problems). No items are removed in instance I\. For instance Ij, 
let Pj denoj^an optimal solution to the 0-1 problem and Qj denote an optimal 
solution to tfe^Jractional problem. 

a. Argue that arfpptimal solution to instance / of the 0-1 knapsack problem is one 

of{p 1 ,p 2 ,.. , ^k}. 

C 

b. Prove that we caff find* an optimal solution Qj to the fractional problem for in- 
stance Ij by including><jtem j and then using the greedy algorithm in which 
at each step, we take- as much as possible of the unchosen item in the set 
{j + I, j + 2 n} wiujanaximum value per pound Vj/io,-. 

c. Prove that we can always (^struct an optimal solution Qj to the fractional 
problem for instance Ij that includes at most one item fractionally. That is, for 
all items except possibly one, \^^ither include all of the item or none of the 
item in the knapsack. 

d. Given an optimal solution Qj to the^fpetional problem for instance Ij , form 
solution Rj from Qj by deleting any frac*u«nal items from Qj. Let v(S) denote 
the total value of items taken in a solutiorr&. Prove that v(Rj) > v(Qj)/2 > 

e. Give a polynomial-time algorithm that returns a ximum-value solution from 
the set {Ri, R 2 , . . . , R„}, and prove that your algorithm is a polynomial-time 
2-approximation algorithm for the 0-1 knapsack problem. 

£ 

Chapter notes 



Although methods that do not necessarily compute exact solutions have been 
known for thousands of years (for example, methods to approximate the value 
of n), the notion of an approximation algorithm is much more recent. Hochbaum 
[172] credits Garey, Graham, and Ullman [128] and Johnson [190] with formal- 
izing the concept of a polynomial-time approximation algorithm. The first such 
algorithm is often credited to Graham [149]. 
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Since this early work, thousands of approximation algorithms have been de- 
signed for a wide range of problems, and there is a wealth of literature on this 
field. Recent texts by Ausiello et al. [26], Hochbaum [172], and Vazirani [345] 
v'aeal exclusively with approximation algorithms, as do surveys by Shmoys [315] 
anfl Klein and Young [207]. Several other texts, such as Garey and Johnson [129] 
an^rapadimitriou and Steiglitz [271], have significant coverage of approximation 
algorithms as well. Lawler, Lenstra, Rinnooy Kan, and Shmoys [225] provide an 
extensiy«\treatment of approximation algorithms for the traveling-salesman prob- 
lem. 

Papadintftrjou and Steiglitz attribute the algorithm Approx-Vertex-Cover 
to F. Gavril andiM. Yannakakis. The vertex-cover problem has been studied exten- 
sively (Hochbajflni [172] lists 16 different approximation algorithms for this prob- 
lem), but all the approximation ratios are at least 2 — o(l). 

The algorithm Af>PRQX-TSP-T0UR appears in a paper by Rosenkrantz, Stearns, 
and Lewis [298]. Cfhtfstofides improved on this algorithm and gave a 3/2-approx- 
imation algorithm for t{je traveling-salesman problem with the triangle inequality. 
Arora [22] and Mitchell <^S7] have shown that if the points are in the euclidean 
plane, there is a polynomia^ftme approximation scheme. Theorem 35.3 is due to 
Sahni and Gonzalez [301]. ^ 

The analysis of the greedy fjeuristic for the set-covering problem is modeled 
after the proof published by Chva^h[68] of a more general result; the basic result 
as presented here is due to Johnson (L9u] and Lovasz [238]. 

The algorithm Approx-Subset-Si/tck and its analysis are loosely modeled after 
related approximation algorithms for mer-knapsack and subset-sum problems by 
Ibarra and Kim [187]. V - > \V^ 

Problem 35-7 is a combinatorial version oij#jnore general result on approximat- 
ing knapsack-type integer programs by Biensropk. and McClosky [45]. 

The randomized algorithm for MAX-3-CNF smj^fiability is implicit in the work 
of Johnson [190]. The weighted vertex-cover algorithm is by Hochbaum [171]. 
Section 35.4 only touches on the power of randomization and linear program- 
ming in the design of approximation algorithms. A combination of these two ideas 
yields a technique called "randomized rounding," whickJformulates a problem as 
an integer linear program, solves the linear-programming relation, and interprets 
the variables in the solution as probabilities. These probabilities then help guide 
the solution of the original problem. This technique was first used by Raghavan 
and Thompson [290], and it has had many subsequent uses. (See Motwani, Naor, 
and Raghavan [261] for a survey.) Several other notable recent ideas in the field 
of approximation algorithms include the primal-dual method (see Goemans and 
Williamson [135] for a survey), finding sparse cuts for use in divide-and-conquer 
algorithms [229], and the use of semidefinite programming [134]. 
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As mentioned in the chapter notes for Chapter 34, recent results in probabilisti- 
cally checkable proofs have led to lower bounds on the approximability of many 
^problems, including several in this chapter. In addition to the references there, 
■tha chapter by Arora and Lund [23] contains a good description of the relation- 
snmTfoetween probabilistically checkable proofs and the hardness of approximating 
vario<H^problems . 

'V 
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V7// Appendix: Mathematical Background 

\ 



X 

v 

Introduction s\ 

When we analyze algorifhm-s^we often need to draw upon a body of mathematical 
tools. Some of these tools are^s simple as high-school algebra, but others may be 
new to you. In Part I, we saw how to manipulate asymptotic notations and solve 
recurrences. This appendix comprises a compendium of several other concepts and 
methods we use to analyze algoritrrms> As noted in the introduction to Part I, you 
may have seen much of the materialXrUhis appendix before having read this book 
(although the specific notational conventions we use might occasionally differ from 
those you have seen elsewhere). Hence,^£Bu\should treat this appendix as reference 
material. As in the rest of this book, however, we have included exercises and 
problems, in order for you to improve your's'MJs in these areas. 

Appendix A offers methods for evaluating vuwjbounding summations, which 
occur frequently in the analysis of algorithms. M@ny of the formulas here appear 
in any calculus text, but you will find it convenient to have these methods compiled 
in one place. 

Appendix B contains basic definitions and notations foQets, relations, functions, 
graphs, and trees. It also gives some basic properties of the^wiathematical objects. 

Appendix C begins with elementary principles of counting: permutations, com- 
binations, and the like. The remainder contains definitions and properties of basic 
probability. Most of the algorithms in this book require no probability for their 
analysis, and thus you can easily omit the latter sections of the chapter on a first 
reading, even without skimming them. Later, when you encounter a probabilistic 
analysis that you want to understand better, you will find Appendix C well orga- 
nized for reference purposes. 



Part VIII Appendix: Mathematical Background 



Appendix D defines matrices, their operations, and some of their basic prop- 
erties. You have probably seen most of this material already if you have taken a 
•^ctourse in linear algebra, but you might find it helpful to have one place to look for 
■0m notation and definitions. 




\ 

A • ^Summations 

% 

When an algonl^™ contains an iterative control construct such as a while or for 
loop, we can expre^ its running time as the sum of the times spent on each exe- 
cution of the body of the loop. For example, we found in Section 2.2 that the jth 
iteration of insertion sort^took time proportional to j in the worst case. By adding 
up the time spent on each iteration, we obtained the summation (or series) 

S ; C <5> 

When we evaluated this summatioa^ we attained a bound of &(n 2 ) on the worst- 
case running time of the algorithmS-Thjs example illustrates why you should know 
how to manipulate and bound summMipms. 

Section A. 1 lists several basic formulas involving summations. Section A.2 of- 
fers useful techniques for bounding summations. We present the formulas in Sec- 
tion A. 1 without proof, though proofs for ''same of them appear in Section A.2 to 
illustrate the methods of that section. You cdQnd most of the other proofs in any 
calculus text. O 

• 

A.l Summation formulas and properties O 

Given a sequence d\, a 2 , ■ ■ ■ , a„ of numbers, where n is a ripnnegative integer, we 
can write the finite sum a\ + a 2 + ■ ■ ■ + a n as 

n 
k=\ 

If n = 0, the value of the summation is defined to be 0. The value of a finite series 
is always well defined, and we can add its terms in any order. 

Given an infinite sequence a 1 ,a 2 , ... of numbers, we can write the infinite sum 
a i + a 2 + ■ ■ ■ as 
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^mich we interpret to mean 
limvT) ak . 



n—>-oo 

k 




If the lirr^tioes not exist, the series diverges; otherwise, it converges. The terms 
of a conver^pht series cannot always be added in any order. We can, however, 
rearrange thev^rms of an absolutely convergent series, that is, a series Yl'kLi a k 
for which the ssffes J2T=i \ a k\ a ^ so converges. 

Linearity 



For any real number c and^iny finite sequences a\, a 2 , . . . , a n and bi,b 2 ,..., b„, 



^2(ca k + b k ) = c^a k +^ h . 

k=l k=l ^) 

The linearity property also applies^to infinite convergent series. 

We can exploit the linearity pro^^y to manipulate summations incorporating 
asymptotic notation. For example, 

in \ O 

£>(/(*)) = © • & 

k=l U=l ) ^ 

In this equation, the ©-notation on the left-hatf^ide applies to the variable k, but 
on the right-hand side, it applies to n. We can @b apply such manipulations to 
infinite convergent series. 



Arithmetic series 

The summation 

n 

^k = \ + 2 + --- + n , 

k=\ 

is an arithmetic series and has the value 



" 1 

J2 k = o n(n + l) (A - 1} 

= 0(« 2 ) . (A.2) 



2 

k=l 



A.l Summation formulas and properties 



1147 



Sums of squares and cubes 

We have the following summations of squares and cubes: 




n(n + 1)(2« + 1) 



k 



k 1 = ^ '-, (A.3) 

6 



'0 . 
Geometric series 

V) 

For real x / ly^he summation 

^ X* = 1 + X +NT rfe h x" 

is a geometric or exponential series and has the value 
^ x-l 0 



yt=0 



(A.5) 



When the summation is infinite^nd>|x| < 1, we have the infinite decreasing geo- 
metric series \j v 
1 X 

Harmonic series 



For positive integers n, the nth harmonic num 

111 1 

H n = 1 + - + - + - + --- + - 

2 3 4 n 



= ln« + 0(1) . (A.7) 



(We shall prove a related bound in Section A.2.) 



Integrating and differentiating series 



By integrating or differentiating the formulas above, additional formulas arise. For 
example, by differentiating both sides of the infinite geometric series (A.6) and 
multiplying by x, we get 
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• (1 - x) 2 

|8<|x| < 1. 

Tele§ewping series 

For an luence flo.^i 

^{a k - dQX) = a n -a 0 , (A.9) 

since each of the^rms di,a 2 , ■ ■ ■ ,a n -\ is added in exactly once and subtracted out 

exactly once. We that the sum telescopes. Similarly, 

n-i 

k=o 

As an example of a telescoping sum, consider the series 

_J_ ? 
^ k(k + 1) ■ ® 



k=1 

Since we can rewrite each term as v/*\ 



1 1 1 



k{k+l) k k + 1 ' O 
we get 



fc=l v ' k = \ 

1 



c 



Products 



We can write the finite product 



~[a k . 

k=\ 

If n = 0, the value of the product is defined to be 1 . We can convert a formula with 
a product to a formula with a summation by using the identity 



\k=i ) k=\ 
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Exercises 

,^ind a simple formula for 5Z!t=i(2& — !)■ 

Sh^ that 5Zfc=i 1/(2^ — 1) = ln(V«) + 0(1) by manipulating the harmonic 
serie^^ 

A.l-3 

Show that "ra 0 k 2 x k = x(l +x)/(l -x) 3 for 0 < |x| < 1. 

A.l-4 * 0 

Show that Er=o^ l )/ 2k = °- 

A.i-5 * 

Evaluate the sum 

Prove that J2l=i /*(0) b Y usin g the linearity property of 

summations. ^ 

A.l-7 <5 

Evaluate the product ]~[^ =1 2 • 4 fc . \( 

A.l-8 * ^ 

Evaluate the product Y\ n k=2 {l - 1/P). v> Try 

<X 

A.2 Bounding summations O 



We have many techniques at our disposal for bounding" the summations that de- 
scribe the running times of algorithms. Here are some o Qe most frequently used 
methods. <0 



Mathematical induction 

The most basic way to evaluate a series is to use mathematical induction. As an 
example, let us prove that the arithmetic series Y?k=i k evaluates to \n{n + 1). We 
can easily verify this assertion for n = 1 . We make the inductive assumption that 
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it holds for n, and we prove that it holds for n + 1. We have 



n + 1 




k = ^k + (n + 1) 

k=l 

C *^= + 1) + (« + 1) 

>^-(n + 1)(« + 2) . 

You don*t^llways need to guess the exact value of a summation in order to use 
mathematical^duction. Instead, you can use induction to prove a bound on a sum- 
mation. As an Sample, let us prove that the geometric series YH=o ^ k * s 0(3"). 
More specifically,^^ us prove that Yll=o 3 — f° r some constant c. For the 
initial condition n we have Yll=o 3 fc = 1 < c • 1 as long as c > 1. Assuming 
that the bound holds f^ft, let us prove that it holds for n + 1. We have 

n+1 n 

£3* = £ 3 * + 3" + <J> 

< c3" + 3" +1 (^y the inductive hypothesis) 

< c3" +1 V_ 

o 

as long as (1/3 + 1/c) < 1 or, equivalence > 3/2. Thus, ££ =0 3* = 0(3"), 
as we wished to show. ^\ 

We have to be careful when we use asymptatfs notation to prove bounds by in- 
duction. Consider the following fallacious prooT/that Ylk=i k = 0(n). Certainly, 
Yll=i k = 0(1). Assuming that the bound holds ft^ft, we now prove it for n + 1: 

n + 1 n ^ 

J> = £fc+(« + l) O 

k=l k=\ Q 

= 0(n) + (n + 1) wrong!! 
= 0(n + 1) . 

The bug in the argument is that the "constant" hidden by the "big-oh" grows with n 
and thus is not constant. We have not shown that the same constant works for all n. 



Bounding the terms 

We can sometimes obtain a good upper bound on a series by bounding each term 
of the series, and it often suffices to use the largest term to bound the others. For 
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example, a quick upper bound on the arithmetic series (A.l) is 
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1 k=\ 

„2 



V 

In ge^yal, for a series Ylk=i a k> ^ we ^ et a ™x = max i<<t<n &k, then 
n (S) 

The technic^ of bounding each term in a series by the largest term is a weak 
method when tli^eries can in fact be bounded by a geometric series. Given the 
series Ylk=o a k> si(ppose that ak+i/dk < r for all k > 0, where 0 < r < 1 is a 
constant. We can bo^rid the sum by an infinite decreasing geometric series, since 
o-k — a o rk , an d thus 

n oo <^> 

k=0 k=0 



oc 



= a 0 - . O 

We can apply this method to bound th^J^immation Ylh=i(k/3 k )- m order to 
start the summation at k = 0, we rewrite^l(j^ ^^Lo((^ + l)/3 fc+1 ). The first 
term (a 0 ) is 1/3, and the ratio (r) of consecutiv^^rms is 

(k + 2)/3 k+2 1 k + 2 ^ 

(k + l)/3* +1 ~ 3 ' + 1 
2 



< 
" 3 

for all /c > 0. Thus, we have 

oo , OO , , 

EK K + 1 

3*" ~~ 3*+i 

1 1 

~ 3 ' 1-2/3 
= 1 . 
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A common bug in applying this method is to show that the ratio of consecu- 
tive terms is less than 1 and then to assume that the summation is bounded by a 
•geometric series. An example is the infinite harmonic series, which diverges since 



" 1 

Urn rl 



k=l \ J k=\ 

lim 0(lgn) 

The ratio of fneXfc + l)st and kth. terms in this series is k/(k+ 1) < 1, but the series 
is not boundecr h^.a decreasing geometric series. To bound a series by a geometric 
series, we must snow that there is an r < 1, which is a constant, such that the ratio 
of all pairs of consecutive terms never exceeds r. In the harmonic series, no such r 
exists because the ratio becomes arbitrarily close to 1. 

V 

Splitting summations v ^ 

One way to obtain bounds o<£ difficult summation is to express the series as the 
sum of two or more series by p^tioning the range of the index and then to bound 
each of the resulting series. For example, suppose we try to find a lower bound 
on the arithmetic series Ylk=i ^> we have already seen has an upper bound 

of n 2 . We might attempt to bound eachterm in the summation by the smallest term, 
but since that term is 1, we get a lower b^nijid of n for the summation— far off from 
our upper bound of n 2 . 



We can obtain a better lower bound by fifst splitting the summation. Assume for 
convenience that n is even. We have 

n n/2 n f~\ 

E k = E* + E * <* 

k=l k=l k=n/2+\ 



n/2 



> £0+ £ (n/2) 



k = l k=n/2+\ 

= (n/2) 2 
= £l(n 2 ) , 



which is an asymptotically tight bound, since Ylk=i k = 0(n 2 ). 

For a summation arising from the analysis of an algorithm, we can often split 
the summation and ignore a constant number of the initial terms. Generally, this 
technique applies when each term in a summation Ylk=o a k l $ independent of n. 
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Then for any constant k 0 > 0, we can write 

n ko—A n 

^=0 k=0 k=k 0 

= 9(1)+ 

0 k=k 0 

since dtial terms of the summation are all constant and there are a constant 
number ofmiem. We can then use other methods to bound Yl"k=k 0 a k- This tech- 
nique applies to infinite summations as well. For example, to find an asymptotic 
upper bound o\y 

k=0 \ jx 

we observe that the ratio of consecutive terms is 

(k + l) 2 /2 k+1 (k +<jS 2 

k 2 /2 k ~ 2k 2 QO 

8 . > 

if k > 3. Thus, the summation can m s^plit into 
^ 2 k ~ L 2 k + ^ 2 fc 

A:=0 fc=0 fe=3 



2^2 k + Sf^\9j A 

k=0 k=0 v 7 V 



k=0 k=0 

since the first summation has a constant number of terms ^Tld the second summation 
is a decreasing geometric series. v^l 

The technique of splitting summations can help us determine asymptotic bounds 
in much more difficult situations. For example, we can obtain a bound of 0(\gn) 
on the harmonic series (A.7): 



n 



k 

k=l 



We do so by splitting the range 1 to n into [lg raj + 1 pieces and upper-bounding 
the contribution of each piece by 1. For i = 0, 1, . . . , [lgraj, the z'fh piece consists 
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of the terms stalling at 1/2' and going up to but not including 1/2' +1 . The last 
piece might contain terms not in the original harmonic series, and thus we have 

«pi < 



O Llg"j2'-1 . 

% TT- 

7TN ^ 2' 

< lg«+ft. (A.10) 
Approximation by integrals 

When a summation has th^form Ylk=m /(^)> where /(&) is a monotonically in- 
creasing function, we can approximate it by integrals: 

f f(x) dx<J2 W < P. 1 /(*) ^ ■ (A.11) 

A*=m 

Figure A. 1 justifies this approximatiork/The summation is represented as the area 
of the rectangles in the figure, and the in^q^al is the shaded region under the curve. 
When / (k) is a monotonically decreasing/'function, we can use a similar method 
to provide the bounds ^^5^ 

r +1 fix) dx<j2 m < r nx) dx^ n (A.i2) 

The integral approximation (A.12) gives a tight estimate for the nth harmonic 
number. For a lower bound, we obtain * ^ 

* i r n+1 dx O 

k k - h * ^ 

= ln(« + 1) . (A.13) 
For the upper bound, we derive the inequality 
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4 




fix) 



> X 



m-l m m+l m+2 



Figure A.l Approximation of Ylk=m fQO by integrals. The area of each rectangle is shown 
within the rectangle, and the total rectangle area represents the value of the summation. The in- 
tegral is represented by the shaded area under the curve. By comparing areas in (a), we get 
f m —l f( x )dx < Ylk=m /(^)> an d then by shifting the rectangles one unit to the right, we get 



n= m Ak)< f( X )dx m 
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which yields the bound 
1 

- < Inn + 1 . (A.14) 

k 

Exera^ 
A.2-1 ® 

Show that 1/ k 2 is bounded above by a constant. 

A.2-2 \\ 

Find an asymptouc^pper bound on the summation 

Lig»J 

k=0 

A.2-3 O 

Show that the /ith harmonic nui^er is £2(lg«) by splitting the summation. 
A.2-4 

Approximate J2k=i ^ w i tn an integral^ 
A.2-5 O 

Why didn't we use the integral approxii^^on (A. 12) directly on Ylk=i 1/^ t0 
obtain an upper bound on the nth harmonic firmer? 

°* 

Problems 

o 

A-l Bounding summations Q 

Give asymptotically tight bounds on the following summatiqak Assume that r > 0 
and s > 0 are constants. < 

a. £v. 



b. ^y*. 



k=\ 
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Appendix not^) 

V 

Knutf£^209] provides an excellent reference for the material presented here. You 
can find^asic properties of series in any good calculus book, such as Apostol [18] 
or Thom&s^t al. [334]. 

% 

'V 



B • ^et^Etc. 

rs dtthi 



B.l Sets 



Many chapters df.thjs book touch on the elements of discrete mathematics. This 
appendix reviews mo^ completely the notations, definitions, and elementary prop- 
erties of sets, relations, ftmctions, graphs, and trees. If you are already well versed 
in this material, you can psobably just skim this chapter. 

\ 

A set is a collection of distinguisfTabi^ objects, called its members or elements. If 
an object x is a member of a set S, Nve^vrite x e S (read "x is a member of 5" 
or, more briefly, "x is in 5"')- If x isTiota member of S, we write x $ S. We 
can describe a set by explicitly listing W-members as a list inside braces. For 
example, we can define a set S to contairHprecisely the numbers 1, 2, and 3 by 
writing S = {1,2,3}. Since 2 is a member o?the set S, we can write 2 € S, and 
since 4 is not a member, we have 4 ^ S. A sef^cnmiot contain the same object more 
than once, 1 and its elements are not ordered. TwCWs A and B are equal, written 
A = B, if they contain the same elements. For example, {1,2, 3, 1} = {1, 2, 3} = 
{3,2,1}. 

We adopt special notations for frequently encountere^Tstets: 

• 0 denotes the empty set, that is, the set containing no members. 

• Z denotes the set of integers, that is, the set {. . . , — 2, — 1,<0, 1,2,...}. 

• R denotes the set of real numbers. 

• N denotes the set of natural numbers, that is, the set {0, 1, 2, . . .}? 



A variation of a set, which can contain the same object more than once, is called a multiset. 

2 Some authors start the natural numbers with 1 instead of 0. The modern trend seems to be to start 
with 0. 
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If all the elements of a set A are contained in a set B, that is, if x e A implies 
x € B, then we write A C S and say that 4 is a subset of B. A set 4 is a 
improper subset of 5, written ^ C 5, if 4 C B but A ^ B. (Some authors use the 
V'symbol "C" to denote the ordinary subset relation, rather than the proper-subset 
ijefetion.) For any set A, we have A C A. For two sets A and B, we have 4 = 5 
ifVra only if A C 5 and 5 C 4. For any three sets 4, 5, and C, if 4 C B 
and v ^^ C, then AcC. For any set A, we have 0c A 

jetimes define sets in terms of other sets. Given a set A, we can define a 
stating a property that distinguishes the elements of B. For example, 
we can defrna<the set of even integers by {x : x e Z and x/2 is an integer}. The 
colon in thiswitation is read "such that." (Some authors use a vertical bar in place 
of the colon.) S 

Given two set944^Hid B, we can also define new sets by applying set operations: 
• The intersection >o£sets A and B is the set 

An B = {x : x eA ^rfid x e B} . 



• The union of sets A ancr-i^ the set 
A U B = {x : x 6 A or x e •Bk* 

• The difference between two setsyf and B is the set 

o 

A - B = {x : x s A and x £ B\ . C\ 

Set operations obey the following laws: 
Empty set laws: 

A n 0 = 0 , 

AU0 = A. Q 
Idempotency laws: y^x 

^ n A = A , 

A U A = A. 



Commutative laws: 



An B = B n A 

AU B = B U A 



Appendix B Sets, Etc. 







(B n C) 



= A-(BnC) = 



(A-B) 



(A-C) 



Figure B.l(^^ Venn diagram illustrating the first of DeMorgan's laws (B.2). Each of the sets A, B, 
and C is represented as a circle. 

Associative lawsp 

An{Bnc) ^L. (A n B) n c , 

AU(BUC) £ M U B) U C . 
Distributive laws: v » 

^n(fiuc) = (i4 u 04 n c) , 
iu(snc) = (4 u (A u C) . 



(B.l) 



Absorption laws: 

4 u (A n S) = 

DeMorgan's laws: 

A-(BHC) -- 
A-(BUC) -- 



.4 
4 



lb 



(A - B) U (A - C) , 
(A- B)n(A-C) . 



o 



(B.2) 



Figure B.l illustrates the first of DeMorgan's laws, using(^Venn diagram: a graph- 
ical picture in which sets are represented as regions of the(pjbne. 

Often, all the sets under consideration are subsets of some^fijger set U called the 
universe. For example, if we are considering various sets made up only of integers, 
the set Z of integers is an appropriate universe. Given a universe U, we define the 
complement of a set A as A = U — A = {x : x € U and x $ A}. For any set 
A C U, we have the following laws: 



A 

An A 

AUA 



A , 
0 , 
U . 
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We can rewrite DeMorgan's laws (B.2) with set complements. For any two sets 
B,C c U, we have 

n C = 5UC, 



c = fine. 



sets A and B are disjoint if they have no elements in common, that is, if 
A fl i£^= 0. A collection S = {5,} of nonempty sets forms a partition of a set S if 

the le^are pairwise disjoint, that is, Si, Sj e ^ and z ^ 7 imply 5, fl Sy = 0, 
and <r v. 

their union-i^ 5, that is, 



S t eS \* 

In other words, S forn^sSa partition of S if each element of S appears in exactly 
one Si e$. 

The number of elements set is the cardinality (or size) of the set, denoted \S\. 
Two sets have the same cardinality if their elements can be put into a one-to-one 
correspondence. The cardinality, of the empty set is |0| = 0. If the cardinality of a 
set is a natural number, we say th^st is finite ; otherwise, it is infinite. An infinite 
set that can be put into a one-to-one correspondence with the natural numbers N is 
countably infinite; otherwise, it is uncountable. For example, the integers Z are 
countable, but the reals R are uncountable^ 

For any two finite sets A and B, we lrav<^he identity 

\A U B\ = \A\ + \B\ - \A n B\ , (B.3) 

from which we can conclude that 

\AU B\< \A\ + \B\ . . 

If A and B are disjoint, then \A n B\ =0 and thus^jVu B\ = \A\ + \B\. If 
A C B, then \A\ < \B\. 

A finite set of n elements is sometimes called an n-stf? A 1-set is called a 
singleton. A subset of k elements of a set is sometimes called a k-subset. 

We denote the set of all subsets of a set S, including the empty set and S itself, 
by 2 s ; we call 2 s the power set of S. For example, 2 {a > b) = {0, {a} , {b} , {a,b}}. 
The power set of a finite set 5* has cardinality 2 |s| (see Exercise B.l-5). 

We sometimes care about setlike structures in which the elements are ordered. 
An ordered pair of two elements a and b is denoted (a, b) and is defined formally 
as the set (a, b) = {a, {a, b}}. Thus, the ordered pair (a, b) is not the same as the 
ordered pair (b,a). 
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The Cartesian product of two sets A and B, denoted A x B, is the set of all 
ordered pairs such that the first element of the pair is an element of A and the 
•^econd is an element of B. More formally, 



"x^ = {(a,b) : a e A and b e B) . 

Fore^|hiple, {a,b}x{a,b,c} = {(a, a), (a,b), (a,c), (b,a), (b,b), (b,c)}. When 
A and <£^re finite sets, the cardinality of their Cartesian product is 



\A x B\ syjj ■ \B\ . (B.4) 

The Cartesian 'product of n sets A X ,A 2 , A n is the set of n-tuples 

A\ x A 2 x ■ ■ ■ x<4l^= {(fli,fl2> • • • : fl i S 4j for / = 1,2, ... , «} , 

whose cardinality is(^ 

|Ai x4 2 x-- - x4 B | • |^ 2 |-"M»I 

if all sets are finite. We derate an n-fold Cartesian product over a single set A by 
the set 

A n = AxAx---xA, 



whose cardinality is \A"\ = \A\ n ifQ) is finite. We can also view an /2-tuple as a 
finite sequence of length n (see page IMo). 

o 

Exercises 
B.1-2 

Prove the generalization of DeMorgan's laws to any fmite collection of sets: 

_ _ _ o 

A 1 nA 2 n---nA„ = ^uijU-ui,, q 
Ai u a 2 u •■• u A n = AlnA 2 'n---nA^. ^ 



B.1-1 

Draw Venn diagrams that illustrate the first of the^distributive laws (B.l). 



/■ B.2 Relations 1163 

\ 

^ B.l-3 * 

, Prove the generalization of equation (B.3), which is called the principle of inclu- 
\§\ sion and exclusion : 

^AyU A 2 U---U A n \ = 

^P)>Ai\ + \A 2 \ + --- + \A n \ 

V-LU! n A 2 \ - \ Ai n A 3 \ (all pairs) 

V^i n A 2 n A 3 \-\ (all triples) 

+ (-iY~lMin,4 2 n---n,4„| . 
V 

B.l-4 tf> 

Show that the set dt odd natural numbers is countable. 
B.l-5 (\ 

Show that for any finite^ S, the power set 2 s has 2' s elements (that is, there 
are 2' s ' distinct subsets of 

B.1-6 ® 

Give an inductive definition for Sno^tuple by extending the set-theoretic definition 
for an ordered pair. \ 

^ 

B.2 Relations *C\ 

A binary relation R on two sets A and B is a su^s^t of the Cartesian product A x B. 
If (a, b) € R, we sometimes write a R b. When w&say that R is a binary relation 
on a set A, we mean that R is a subset of A x A^For example, the "less than" 
relation on the natural numbers is the set {(a, b) : a, Zr"s N and a < b}. An n-ary 
relation on sets A x , A 2 , . . . , A„ is a subset of A\ x ^ 2 X Q- x 
A binary relation R Q A x A is reflexive if 

a R a 

for all a e A For example, "=" and "<" are reflexive relations on N, but "<" is 
not. The relation R is symmetric if 

a R b implies b R a 

for all a,b e A. For example, "=" is symmetric, but "<" and "<" are not. The 
relation R is transitive if 

a R b and b R c imply a R c 
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for all a, b, c e A. For example, the relations "<," "<," and "=" are transitive, but 
the relation R = {(a,b) : a,b e N and a = b — 1} is not, since 3 R 4 and 4 R 5 
\§k) i not imply 3 R 5. 

relation that is reflexive, symmetric, and transitive is an equivalence relation. 
Fqr&tample, "=" is an equivalence relation on the natural numbers, but "<" is not. 
If R^e^Ln equivalence relation on a set A, then for a e A, the equivalence class 
of a ispra set [a] = {b e A : a R b), that is, the set of all elements equivalent to a. 
For exahwrie, if we define R = {(a, b) : a, b 6 N and a + b is an even number}, 
then R is^aniequivalence relation, since a + a is even (reflexive), a + b is even 
implies & is- even (symmetric), and a + b is even and 6 + c is even imply 
a + c is even\transitive). The equivalence class of 4 is [4] = {0, 2, 4, 6, . . .}, and 
the equivalence alass of 3 is [3] = {1, 3, 5, 7, . . .}. A basic theorem of equivalence 
classes is the following. 

Theorem B.l (An equivalence relation is the same as a partition) 

The equivalence classes ^Tany equivalence relation fiona set A form a partition 
of A, and any partition of y(^]etermines an equivalence relation on A for which the 
sets in the partition are the ecjt&alence classes. 

Proof For the first part of the proof, we must show that the equivalence classes 
of R are nonempty, pairwise-disjoh^ets whose union is A. Because R is reflex- 
ive, a e [a], and so the equivalence classes are nonempty; moreover, since every 
element a € A belongs to the equivalents class [a], the union of the equivalence 
classes is A. It remains to show that the eqtu valence classes are pairwise disjoint, 
that is, if two equivalence classes [a] ancN^^liave an element c in common, then 
they are in fact the same set. Suppose that a^R&and b R c. By symmetry, c R b, 
and by transitivity, a R b. Thus, for any arbitlfaW^lement x € [a], we have x R a 
and, by transitivity, x R b, and thus [a] C [6].v-8imilarly, [b] C [a], and thus 
[a] = [b]. C 

For the second part of the proof, let A = {^4,} be»a partition of A, and define 
R = {(a,b) : there exists i such that a e A t and b e A\}1 We claim that R is an 
equivalence relation on A. Reflexivity holds, since a e ^,©iplies a R a. Symme- 
try holds, because if a R b, then a and b are in the same sef^f, and hence b R a. 
If a R b and b R c, then all three elements are in the same set A,-, and thus a R c 
and transitivity holds. To see that the sets in the partition are the equivalence 
classes of R, observe that if a € A t , then x € [a] implies x € Aj, and x € A, 
implies x € [a]. m 



A binary relation fiona set A is antisymmetric if 
a R b and b R a imply a = b . 
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For example, the "<" relation on the natural numbers is antisymmetric, since a < b 
and b < a imply a = b. A relation that is reflexive, antisymmetric, and transitive 
^\ is a partial order, and we call a set on which a partial order is defined a partially 
•STydered set. For example, the relation "is a descendant of" is a partial order on the 
s«fpf all people (if we view individuals as being their own descendants). 

partially ordered set A, there may be no single "maximum" element a such 
thatykR a for all b e A. Instead, the set may contain several maximal elements a 
such thaKfor no b S A, where b ^ a, is it the case that a R b. For example, a 
collectianj&f different-sized boxes may contain several maximal boxes that don't 
fit inside arfy other box, yet it has no single "maximum" box into which any other 
box will fitX_> 

A relation "^an a set A is a total relation if for all a, b e A, we have a R b 
or b R a (or both)), ^that is, if every pairing of elements of A is related by R. A 
partial order that isxilso # total relation is a total order or linear order. For example, 
the relation "<" is aYotal order on the natural numbers, but the "is a descendant 
of" relation is not a tot^y order on the set of all people, since there are individuals 
neither of whom is descefxlfcd from the other. A total relation that is transitive, but 
not necessarily reflexive and^ntisymmetric, is a total preorder. 

Exercises • > 

Prove that the subset relation "C" on^aH subsets of Z is a partial order but not a 
total order. s~\ 

B.2-2 X)K 

Show that for any positive integer n, the relatioa/'equivalent modulo n" is an equiv- 
alence relation on the integers. (We say that (mod n) if there exists an 
integer q such that a — b = qn.) Into what equivalence classes does this relation 
partition the integers? 



B.2-3 

Give examples of relations that are 

a. reflexive and symmetric but not transitive, 

b. reflexive and transitive but not symmetric, 

c. symmetric and transitive but not reflexive. 



To be precise, in order for the "fit inside" relation to be a partial order, we need to view a box as 
fitting inside itself. 
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^ B.2-4 

, Let S be a finite set, and let R be an equivalence relation on S x S. Show that if 
addition R is antisymmetric, then the equivalence classes of S with respect to R 
«fa singletons. 

Professor Narcissus claims that if a relation R is symmetric and transitive, then it is 
also renexiye. He offers the following proof. By symmetry, a R b implies b R a. 
Transitivftyy^ierefore, implies a R a. Is the professor correct? 

^ 
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Given two sets A and\2r, a function f is a binary relation on A and B such that 
for all a e A, there exist^recisely one b e B such that (a, b) e /. The set ^4 is 
called the domain of /, and^the set S is called the codomain of /. We sometimes 
write / : A — > 5; and ifX^^) 6 /, we write b = f{a), since & is uniquely 
determined by the choice of a. fc\ 

Intuitively, the function / assigns an element of B to each element of A. No 
element of A is assigned two differe*ft elements of B, but the same element of B 
can be assigned to two different elerh^nt^ of A. For example, the binary relation 

/ = {(a,b) : a,b e N and b = a mod@ 

is a function / : N — > {0, 1}, since for ea^Tjuitural number a, there is exactly one 
value b in {0, 1} such that b = a mod 2. Forlhis example, 0 = /(0), 1 = f(l), 
0 = / (2), etc. In contrast, the binary relation* 

g = {(a,b) : a,b e N and a + b is even} ^ 

is not a function, since (1, 3) and (1, 5) are both in g, aridlhus for the choice a = 1, 
there is not precisely one b such that (a,b) € g. v. 

Given a function / : A B , if b = f (a), we say thar^k the argument of / 
and that & is the va/we of / at a. We can define a function opktating its value for 
every element of its domain. For example, we might define fin) = 2n for n e N, 
which means / = {(n, 2ri) : n e N}. Two functions / and g are equal if they 
have the same domain and codomain and if, for all a in the domain, / (a) = g(a). 

A finite sequence of length n is a function / whose domain is the set of n 
integers {0, 1, — 1}. We often denote a finite sequence by listing its values: 
(/(0), /(l), ...,/(« — 1)). An infinite sequence is a function whose domain is 
the set N of natural numbers. For example, the Fibonacci sequence, defined by 
recurrence (3.22), is the infinite sequence (0, 1, 1,2, 3, 5, 8, 13, 21, . . .). 
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When the domain of a function / is a Cartesian product, we often omit the extra 
parentheses surrounding the argument of /. For example, if we had a function 
f : A\ x A 2 x ■ ■ ■ x A„ B, we would write b = /(fiti, a 2 , . . . , a n ) instead 
f((ai,a 2 , . . . ,a n )). We also call each a, an argument to the function /, 
2h technically the (single) argument to / is the «-tuple (fli, a 2 , ■ ■ - , a n ). 

A B is a function and & = /(a), then we sometimes say that b is the 
j^gf a under /. The image of a set ^4' c A under / is defined by 

f(A') ^b e B : b = f(a) for some a € A'} . 

The rangYySf £ is the image of its domain, that is, / (^4). For example, the range 
of the function f : N -> N defined by /(«) = In is /(N) = {/« : m = 2n for 
some « e N}t3 other words, the set of nonnegative even integers. 

A function is ^urjection if its range is its codomain. For example, the function 
f(n) = [n/2\ is(aSsurjective function from N to N, since every element in N 
appears as the value^jf for some argument. In contrast, the function f(n) = 2n 
is not a surjective funct^N from N to N , since no argument to / can produce 3 as a 
value. The function f(n\^ 2n is, however, a surjective function from the natural 
numbers to the even number^ A surjection / : A — > B is sometimes described as 
mapping A onto B . When w&«ay that / is onto, we mean that it is surjective. 

A function / : A —> B rs an injection if distinct arguments to / produce 
distinct values, that is, if a ^ a^im^lies f(a)^ f (a'). For example, the function 
/ («) = 2n is an injective function-^Tom N to N, since each even number b is the 
image under / of at most one elemajitof the domain, namely b/2. The function 
f(n) = [n/2\ is not injective, since tiW^alue 1 is produced by two arguments: 2 
and 3. An injection is sometimes called\^She-to-one function. 

A function / : A — > B is a bijection if it^Wjective and surjective. For example, 
the function f(n) = (-1)" \n/2] is a bijecti©from N to Z: 

0 -> 0, O 

1 - -1. <^ 

2 1, • 

3^-2, O 
4^2, O, 



The function is injective, since no element of Z is the image of more than one 
element of N. It is surjective, since every element of Z appears as the image of 
some element of N. Hence, the function is bijective. A bijection is sometimes 
called a one-to-one correspondence, since it pairs elements in the domain and 
codomain. A bijection from a set A to itself is sometimes called a permutation. 
When a function / is bijective, we define its inverse f~ l as 

f~ l (b) = a if and only if f(a) = b . 
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For example, the inverse of the function / («) = (—1)" \n/2] is 



2m if m > 0 , 

—2m — 1 if m < 0 . 



Exercpes 

Let ancrfiAe finite sets, and let / : A — > 5 be a function. Show that 
a. if / is injs^five, then \A\ < 



ft. if / is surjectfvev then |^4| > \B\. 

C 

B.3-2 V>* 

Is the function / (x) = x^fc. 1 bijective when the domain and the codomain are N? 
Is it bijective when the doru^ui and the codomain are Z? 

B.3-3 <^ 

Give a natural definition for th©J*iverse of a binary relation such that if a relation 
is in fact a bijective function, its r»lari»nal inverse is its functional inverse. 

Give a bijection from Z to Z x Z. Q 

% 

B.4 Graphs *<J 

°^ 

This section presents two kinds of graphs: directed- and undirected. Certain def- 
initions in the literature differ from those given her*, but for the most part, the 
differences are slight. Section 22.1 shows how we canCr^gresent graphs in com- 
puter memory. CJ, 

A directed graph (or digraph) G is a pair (V, E), where v^is a finite set and E 
is a binary relation on V. The set V is called the vertex set of G, and its elements 
are called vertices (singular: vertex). The set E is called the edge set of G, and its 
elements are called edges. Figure B.2(a) is a pictorial representation of a directed 
graph on the vertex set {1, 2, 3, 4, 5, 6}. Vertices are represented by circles in the 
figure, and edges are represented by arrows. Note that self -loops— edges from a 
vertex to itself— are possible. 

In an undirected graph G = (V, E), the edge set E consists of unordered 
pairs of vertices, rather than ordered pairs. That is, an edge is a set {u, v}, where 
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(a) 0 (b) (c) 

Figure B.2 JDjiected and undirected graphs, (a) A directed graph G = (V, E), where V = 
{1,2, 3, 4,5,6?' ap£ E = {(1, 2), (2, 2), (2, 4), (2, 5), (4, 1), (4, 5), (5, 4), (6, 3)}. The edge (2,2) 
is a self-loop, (tjf An undirected graph G = (V, E), where V = {1,2,3,4,5,6} and E = 
{(1, 2), (1, 5), (2, 5)V$r,fi)}. The vertex 4 is isolated, (c) The subgraph of the graph in part (a) 
induced by the vertex mt\ 1,2,3,6}. 

u, v e V and u ^ v. Byconvention, we use the notation (w, v) for an edge, rather 
than the set notation {u, <£>and we consider (u, v) and (v, u) to be the same edge. 
In an undirected graph, self(lSops are forbidden, and so every edge consists of two 
distinct vertices. Figure B.2(l^s a pictorial representation of an undirected graph 
on the vertex set { 1 , 2, 3, 4, 5, 6} 4 

Many definitions for directed a^tf^undirected graphs are the same, although cer- 
tain terms have slightly different meanings in the two contexts. If (u, v) is an edge 
in a directed graph G = (V, E), we/say that (u, v) is incident from or leaves 
vertex u and is incident to or enters verfe\v. For example, the edges leaving ver- 
tex 2 in Figure B.2(a) are (2,2), (2,4), »fii£2, 5). The edges entering vertex 2 are 
(1,2) and (2, 2). If (u, v) is an edge in anNlndirected graph G = (V, E), we say 
that (u, v) is incident on vertices u and v. m^Figure B.2(b), the edges incident on 
vertex 2 are (1, 2) and (2,5). sK 

If (m, v) is an edge in a graph G = (V, E), we-say that vertex v is adjacent to 
vertex u. When the graph is undirected, the adjacency relation is symmetric. When 
the graph is directed, the adjacency relation is not ndQWly symmetric. If v is 
adjacent to u in a directed graph, we sometimes write wGk v. In parts (a) and (b) 
of Figure B.2, vertex 2 is adjacent to vertex 1, since the edg<p(l, 2) belongs to both 
graphs. Vertex 1 is not adjacent to vertex 2 in Figure B.2(a), since the edge (2, 1) 
does not belong to the graph. 

The degree of a vertex in an undirected graph is the number of edges incident on 
it. For example, vertex 2 in Figure B.2(b) has degree 2. A vertex whose degree is 0, 
such as vertex 4 in Figure B.2(b), is isolated. In a directed graph, the out-degree 
of a vertex is the number of edges leaving it, and the in-degree of a vertex is the 
number of edges entering it. The degree of a vertex in a directed graph is its in- 
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degree plus its out-degree. Vertex 2 in Figure B.2(a) has in-degree 2, out-degree 3, 
and degree 5. 

A path of length k from a vertex u to a vertex u' in a graph G = (V, E) 
^y. sequence (v 0 , V\, v 2 , . . ., v^) of vertices such that u = v 0 , u' = Vk, and 
(vqh), Vj) € E for i = 1,2, ... ,k. The length of the path is the number of 

edge^yi the path. The path contains the vertices v 0 , V\ Vk and the edges 

( v o> ViKiyi, v 2 ), . . . , (Vfc_i, v,t). (There is always a 0-length path from u to w.) If 
there is a^jrafh p from m to u' , we say that u' is reachable from u via p, which we 
sometimes ^*^te as u ~» m' if G is directed. A path is simple 4 if all vertices in the 
path are distmc$.'In Figure B.2(a), the path (1, 2, 5, 4) is a simple path of length 3. 
The path (2, 5>4<*5) is not simple. 

A subpath of path p = (v 0 , vi, . . . , Vk) is a contiguous subsequence of its ver- 



tices. That is, for any i < j < k, the subsequence of vertices ( v, , v, +1 , . . . , Vj) 
is a subpath of p. ^ . , 

In a dhected graph^a nath (v 0 , V\, . . . , v^) forms a cycle if v 0 = and the 
path contains at least onkedge. The cycle is simple if, in addition, V\, v 2 , . . . , Vk 
are distinct. A self-loop is S^Acle of length 1. Two paths (v 0 , Vi, v 2 , . . . , Vfc-i, v 0 ) 
and (v' 0 , v[, v' 2 , . . . , v' k _ 1 , v^Cform the same cycle if there exists an integer j such 
that v\ = V( i+ j) mod k for i = 0,(f). . . , k — 1 . In Figure B .2(a), the path (1,2,4, 1 ) 
forms the same cycle as the paths«(2, 4, 1, 2) and (4, 1, 2, 4). This cycle is simple, 
but the cycle (1, 2, 4, 5, 4, 1) is nofcQ)he cycle (2, 2) formed by the edge (2, 2) is 
a self-loop. A directed graph with no >seti -loops is simple. In an undirected graph, 
a path (vo, Vi, . . . , Vfc) forms a cycle if 3 and v 0 = v^; the cycle is simple if 

i>i, v 2 v k are distinct. For example, ir^Rgure B.2(b), the path (1, 2, 5, 1) is a 

simple cycle. A graph with no cycles is acycfi^ 

An undirected graph is connected if every>^ertex is reachable from all other 
vertices. The connected components of a grapjh->are the equivalence classes of 
vertices under the "is reachable from" relation. iW graph in Figure B.2(b) has 
three connected components: {1,2, 5}, {3, 6}, and |4}. Every vertex in {1, 2, 5} is 
reachable from every other vertex in {1,2,5}. An undirected graph is connected 
if it has exactly one connected component. The edges of ^connected component 
are those that are incident on only the vertices of the component; in other words, 
edge (u, v) is an edge of a connected component only if both^f and v are vertices 
of the component. 

A directed graph is strongly connected if every two vertices are reachable from 
each other. The strongly connected components of a directed graph are the equiv- 



4 Some authors refer to what we call a path as a "walk" and to what we call a simple path as just a 
"path." We use the terms "path" and "simple path" throughout this book in a manner consistent with 
their definitions. 
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Figure B.3 (a) A pairv^isomorphic graphs. The vertices of the top graph are mapped to the 
vertices of the bottom graph^ /(l) = w,/(2) = v,/(3) = iu,/(4) = x,/(5) = y, /(6) = 2. 
(b) Two graphs that are not isomorphic, since the top graph has a vertex of degree 4 and the bottom 



graph does not. 



V 



d§t 



alence classes of vertices under the "are mutually reachable" relation. A directed 
graph is strongly connected if it*hag^only one strongly connected component. The 
graph in Figure B.2(a) has three strongiy connected components: {1,2,4, 5}, {3}, 
and {6}. All pairs of vertices in \\, 2*A, 5} are mutually reachable. The ver- 
tices {3,6} do not form a strongly connected component, since vertex 6 cannot 
be reached from vertex 3. 

Two graphs G = (V, E) and G' = '') are isomorphic if there exists a 

bijection / : V -> V such that (w, v) er1e)if and only if (f(u), f(v)) e E' . 
In other words, we can relabel the vertices of© to be vertices of G', maintain- 
ing the corresponding edges in G and G'. Figure B.3(a) shows a pair of iso- 
morphic graphs G and G' with respective vertex s£ts V = {1,2,3,4,5,6} and 
V = {u, v, w, x, y, z}. The mapping from V to V gi^l by / (1) = u, f (2) = v, 
/(3) = w, f(4) = x, /(5) = y, /(6) = z provides tl(fe)required bijective func- 
tion. The graphs in Figure B.3(b) are not isomorphic. Although both graphs have 
5 vertices and 7 edges, the top graph has a vertex of degree 4 and the bottom graph 
does not. 

We say that a graph G' = (V, E') is a subgraph of G = (V, E) if V C V 
and E' C E. Given a set V C V, the subgraph of G induced by V is the graph 
G' = (V, E'), where 



E' = {(u,v) e E :u,v e V'} . 
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The subgraph induced by the vertex set {1,2,3,6} in Figure B.2(a) appears in 
Figure B.2(c) and has the edge set {(1,2), (2, 2), (6, 3)}. 

Given an undirected graph G = (V, E), the directed version of G is the directed 
•graph G' = (V, E'), where (u, v) € E' if and only if (u, v) € E. That is, we 
rej^^pe each undirected edge (u, v) in G by the two directed edges (u, v) and (v, u) 
in tf^tfirected version. Given a directed graph G = (V, E), the undirected version 
of G rs(the undirected graph G' = (V, E'), where (u, v) e E' if and only if u ^ v 
and E. That is, the undirected version contains the edges of G "with 

their directions removed" and with self-loops eliminated. (Since (u, v) and (v, u) 
are the sams edge in an undirected graph, the undirected version of a directed 
graph containYh^only once, even if the directed graph contains both edges (u, v) 
and (v, u).) In a directed graph G = (V, E), a neighbor of a vertex u is any vertex 
that is adjacent to wmJhe undirected version of G. That is, v is a neighbor of u if 
u 7^ v and either (i£v) f E or (v, u) € E. In an undirected graph, u and v are 
neighbors if they are adjacent. 

Several kinds of graph^ nave special names. A complete graph is an undirected 
graph in which every pair o^yfcrtices is adjacent. A bipartite graph is an undirected 
graph G = (V, E) in which an be partitioned into two sets V\ and V 2 such that 
(u, v) € E implies either u e (^)and v 6 V 2 or u € V 2 and v € V\. That is, all 
edges go between the two sets V\ $ndV 2 - An acyclic, undirected graph is a forest, 
and a connected, acyclic, undirecterfiraph is a (free) tree (see Section B.5). We 
often take the first letters of "directedapyclic graph" and call such a graph a dag. 

There are two variants of graphs that ^ji may occasionally encounter. A multi- 
graph is like an undirected graph, but it cawrhave both multiple edges between ver- 
tices and self-loops. A hypergraph is like ^undirected graph, but each hyperedge, 
rather than connecting two vertices, connectsMn^arbitrary subset of vertices. Many 
algorithms written for ordinary directed and undwected graphs can be adapted to 
run on these graphlike structures. s\ 

The contraction of an undirected graph G = (V^E) by an edge e = (u, v) is a 
graph G' = (V, E'), where V = V — {u, v} U {x} and x is a new vertex. The set 
of edges E' is formed from E by deleting the edge (w.vu/and, for each vertex w 
incident on u or v, deleting whichever of (u, w) and (v, in E and adding the 
new edge (x, w). In effect, u and v are "contracted" into a sirfgle vertex. 

Exercises 
B.4-1 

Attendees of a faculty party shake hands to greet each other, and each professor 
remembers how many times he or she shook hands. At the end of the party, the 
department head adds up the number of times that each professor shook hands. 
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\ 

Show that the result is even by proving the handshaking lemma: if G = (V, E) is 
, an undirected graph, then 

^^"^ degree(v) =2\E\ , 

\ 

Show^at if a directed or undirected graph contains a path between two vertices u 
and v, t(S^i it contains a simple path between u and v. Show that if a directed graph 
contains a'cycle, then it contains a simple cycle. 

B.4-3 V> 

Show that any t!o|inected, undirected graph G = (V, E) satisfies \E\ > \ V\ — 1. 
B.4-4 

Verify that in an undirected graph, the "is reachable from" relation is an equiv- 
alence relation on the Vertices of the graph. Which of the three properties of an 
equivalence relation hol<0« general for the "is reachable from" relation on the 
vertices of a directed graph?^ 

What is the undirected version ofjk^ directed graph in Figure B.2(a)? What is the 
directed version of the undirected grajjii in Figure B.2(b)? 

B.4-6 * O 

Show that we can represent a hypergraph^f a bipartite graph if we let incidence in 
the hypergraph correspond to adjacency irfjke bipartite graph. (Hint: Let one set 
of vertices in the bipartite graph correspond^o)vertices of the hypergraph, and let 
the other set of vertices of the bipartite graph c<^fr]espond to hyperedges.) 

B.5 Trees 



:rf^n 



As with graphs, there are many related, but slightly differentf notions of trees. This 
section presents definitions and mathematical properties of several kinds of trees. 
Sections 10.4 and 22.1 describe how we can represent trees in computer memory. 



B.5.1 Free trees 

As defined in Section B.4, a free tree is a connected, acyclic, undirected graph. We 
often omit the adjective "free" when we say that a graph is a tree. If an undirected 
graph is acyclic but possibly disconnected, it is a forest. Many algorithms that work 
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Figure B.4 free tree, (b) A forest, (c) A graph that contains a cycle and is therefore neither 

a tree nor a forest^ 

for trees also wori^yjpr forests. Figure B.4(a) shows a free tree, and Figure B.4(b) 
shows a forest. The fe&est in Figure B.4(b) is not a tree because it is not connected. 
The graph in Figure c^Mt) is connected but neither a tree nor a forest, because it 
contains a cycle. S\ 

The following theorem captures many important facts about free trees. 

Theorem B.2 (Properties of free4rees) 

Let G = (V, E) be an undirectetrgraph. The following statements are equivalent. 

1 . G is a free tree. 

2. Any two vertices in G are connectb^fby a unique simple path. 



G is connected, but if any edge is rer 
connected. 



id from E, the resulting graph is dis- 



4. 

5. 



G is connected, and | E \ = \ V \ — 1 . 

G is acyclic, and | E \ = \ V \ — 1. O 

G is acyclic, but if any edge is added to E, the resulting graph contains a cycle. 



Proof (1) =^ (2): Since a tree is connected, any two verqx^s in G are connected 
by at least one simple path. Suppose, for the sake of contrat(iraion, that vertices u 
and v are connected by two distinct simple paths p 1 and p 2 , as shown in Figure B.5. 
Let w be the vertex at which the paths first diverge; that is, w is the first vertex 
on both pi and p 2 whose successor on p\ is x and whose successor on p 2 is y, 
where x ^ y. Let z be the first vertex at which the paths reconverge; that is, z is 
the first vertex following w on p\ that is also on p 2 . Let p' be the subpath of p\ 
from w through x to z, and let p" be the subpath of p 2 from w through y to z- 
Paths p' and p" share no vertices except their endpoints. Thus, the path obtained by 
concatenating p' and the reverse of p" is a cycle, which contradicts our assumption 
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Figure B.5 st^p in the proof of Theorem B.2: if (1) G is a free tree, then (2) any two vertices 
in G are corniced by a unique simple path. Assume for the sake of contradiction that vertices u 
and v are conne^teaby two distinct simple paths p\ and p2- These paths first diverge at vertex w, 
and they first reconverse at vertex z. The path p' concatenated with the reverse of the path p" forms 
a cycle, which yieldVthe^ontradiction. 

that G is a tree. Thus; rf^j is a tree, there can be at most one simple path between 
two vertices. ^ > 

(2) =>■ (3): If any twovvprtices in G are connected by a unique simple path, 
then G is connected. Let (if? yJkbe any edge in E. This edge is a path from u to v, 
and so it must be the unique path from u to v. If we remove (u, v) from G, there 
is no path from u to v, and henct its>removal disconnects G. 

(3) =>■ (4): By assumption, the graph G is connected, and by Exercise B.4-3, we 
have | is | > \V\ — 1. We shall pro^J^I < \V\ — 1 by induction. A connected 
graph with n = 1 or n = 2 vertices 1©» — 1 edges. Suppose that G has n > 3 
vertices and that all graphs satisfying (3jXvith fewer than n vertices also satisfy 
\E\ < \ V\ — 1. Removing an arbitrary edg$Jk>m G separates the graph into k > 2 
connected components (actually k = 2). E^ft)component satisfies (3), or else G 
would not satisfy (3). If we view each connectefd^pomponent V h with edge set E t , 
as its own free tree, then because each component^as fewer than | V \ vertices, by 
the inductive hypothesis we have | E t \ < | Vi \ — 1. Thus, the number of edges in all 
components combined is at most | V\ — k < | V \ — 2. Adding in the removed edge 
yields \E\ < \V\ - 1. 

(4) =^ (5): Suppose that G is connected and that |is| — 1- We must show 
that G is acyclic. Suppose that G has a cycle containing k Vertices V\, v 2 , . . . , v^, 
and without loss of generality assume that this cycle is simple. Let Gk = (Vk, E^) 
be the subgraph of G consisting of the cycle. Note that \Vk\ = \Ek\ = k. 
\fk < \ V\, there must be a vertex v^+i e V — Vk that is adjacent to some ver- 
tex Vj e Vk, since G is connected. Define Gk+i = {Vk+\, to be the sub- 
graph of G with V k+ i = V k U {v k+ i} and E k +i = E k U {(v,-, v k+l )}. Note that 

= l^yt+il = k + 1. If/c + 1 < \V\, we can continue, defining Gk+i in 
the same manner, and so forth, until we obtain G n = (V„, E„), where n = \V\, 
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V„ = V , and \ E n \ = \ V n \ = \V\. Since G„ is a subgraph of G, we have E„ C 
and hence \E\ > \ V\, which contradicts the assumption that \E\ = \ V\ — 1. Thus, 
is acyclic. 

y"J(5) =>• (6): Suppose that G is acyclic and that |£| = \V\ — 1. Let A: be the 
numjyer of connected components of G. Each connected component is a free tree 
by a^rmition, and since (1) implies (5), the sum of all edges in all connected com- 
ponerffsmf G is \ V\ — k. Consequently, we must have k = 1, and G is in fact a 
tree. SincsKl) implies (2), any two vertices in G are connected by a unique simple 
path. Thuk,adding any edge to G creates a cycle. 

(6) =>• (1): Suppose that G is acyclic but that adding any edge to E creates a 
cycle. We mim show that G is connected. Let u and v be arbitrary vertices in G. 
If u and v are noralready adjacent, adding the edge (u, v) creates a cycle in which 
all edges but (u, v)Jbak)ng to G. Thus, the cycle minus edge (u, v) must contain a 
path from u to v, an&sinqe u and v were chosen arbitrarily, G is connected. ■ 

B.5.2 Rooted and ordered^ees 

A rooted tree is a free tree in \x^jch one of the vertices is distinguished from the 
others. We call the distinguished vertex the root of the tree. We often refer to a 
vertex of a rooted tree as a node 5 oLttie tree. Figure B.6(a) shows a rooted tree on 
a set of 12 nodes with root 7. / 

Consider a node x in a rooted tree v -with root r. We call any node y on the 
unique simple path from r to x an ancekerjrf x. If y is an ancestor of x, then x is 
a descendant of j. (Every node is both anjjHuestor and a descendant of itself.) If y 
is an ancestor of x and x ^ y, then _y is a proper ancestor of x and x is a proper 
descendant of j. The subtree rooted at x is tfisjree induced by descendants of x, 
rooted at x. For example, the subtree rooted at «ooe. 8 in Figure B.6(a) contains 
nodes 8, 6, 5, and 9. 

If the last edge on the simple path from the root r of » tree T to a node x is (_y, x), 
then y is the parent of x, and x is a c/»7rf of y. The root(isithe only node in T with 
no parent. If two nodes have the same parent, they are stings. A node with no 
children is a leaf or external node. A nonleaf node is an int^pal node. 



5 The term "node" is often used in the graph theory literature as a synonym for "vertex." We reserve 
the term "node" to mean a vertex of a rooted tree. 
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Figure B.6 Rooted afifL ordered trees, (a) A rooted tree with height 4. The tree is drawn in a 
standard way: the root (no£e* 7) is at the top, its children (nodes with depth 1) are beneath it, their 
children (nodes with depth 2\mt beneath them, and so forth. If the tree is ordered, the relative left- 
to-right order of the childrefc^of & node matters; otherwise it doesn't, (b) Another rooted tree. As a 
rooted tree, it is identical to th^lffee in (a), but as an ordered tree it is different, since the children of 
node 3 appear in a different order^\ 

0 

The number of children of a node x in a rooted tree T equals the degree of x. 6 
The length of the simple path frotfrjhe root r to a node x is the depth of x in T. 
A level of a tree consists of all node^af the same depth. The height of a node in a 
tree is the number of edges on the long€5jt simple downward path from the node to 
a leaf, and the height of a tree is the heigh\of its root. The height of a tree is also 
equal to the largest depth of any node iiHnertree. 

An ordered tree is a rooted tree in whichjbkchildren of each node are ordered. 
That is, if a node has k children, then thereTs-a first child, a second child, . . . , 
and a kth child. The two trees in Figure B.6 are^d^ferent when considered to be 
ordered trees, but the same when considered to be^just rooted trees. 

B.5.3 Binary and positional trees 

We define binary trees recursively. A binary tree T is a stfu^pre defined on a finite 
set of nodes that either 



contains no nodes, or 



Notice that the degree of a node depends on whether we consider T to be a rooted tree or a free tree. 
The degree of a vertex in a free tree is, as in any undirected graph, the number of adjacent vertices. 
In a rooted tree, however, the degree is the number of children — the parent of a node does not count 
toward its degree. 
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(c) 



Figure B.7 Binaryi'frees. (a) A binary tree drawn in a standard way. The left child of a node is 
drawn beneath the nodejaTid.to the left. The right child is drawn beneath and to the right, (b) A binary 
tree different from the offi in (a). In (a), the left child of node 7 is 5 and the right child is absent. 
In (b), the left child of node^7*is absent and the right child is 5. As ordered trees, these trees are 
the same, but as binary tree?, thfcy are distinct, (c) The binary tree in (a) represented by the internal 
nodes of a full binary tree: anwdsred tree in which each internal node has degree 2. The leaves in 
the tree are shown as squares. 

• is composed of three disjoirfSets of nodes: a root node, a binary tree called its 
left subtree, and a binary tree ftaUgtl its right subtree. 

The binary tree that contains no node^is* called the empty tree or null tree, some- 
times denoted NIL. If the left subtree is nC^empty, its root is called the left child of 
the root of the entire tree. Likewise, the nvflvpf a nonnull right subtree is the right 
child of the root of the entire tree. If a subtrees the null tree NIL, we say that the 
child is absent or missing. Figure B.7(a) show^k binary tree. 

A binary tree is not simply an ordered tree nt-which each node has degree at 
most 2. For example, in a binary tree, if a node-na* just one child, the position 
of the child— whether it is the left child or the right child— matters. In an or- 
dered tree, there is no distinguishing a sole child as bcingeither left or right. Fig- 
ure B.7(b) shows a binary tree that differs from the tree m Figure B.7(a) because of 
the position of one node. Considered as ordered trees, however, the two trees are 
identical. <0 

We can represent the positioning information in a binary tree by the internal 
nodes of an ordered tree, as shown in Figure B.7(c). The idea is to replace each 
missing child in the binary tree with a node having no children. These leaf nodes 
are drawn as squares in the figure. The tree that results is a full binary tree: each 
node is either a leaf or has degree exactly 2. There are no degree- 1 nodes. Conse- 
quently, the order of the children of a node preserves the position information. 

We can extend the positioning information that distinguishes binary trees from 
ordered trees to trees with more than 2 children per node. In a positional tree, the 
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Figure B.8 



depth 0 



depth 1 



depth 2 



depth 3 



'^pcftnplete binary tree of height 3 with 8 leaves and 7 internal nodes. 



children of a nqd^are labeled with distinct positive integers. The ith child of a 
node is absent if np^hild is labeled with integer i. A k-ary tree is a positional tree 
in which for every node', all children with labels greater than k are missing. Thus, 
a binary tree is a k-ary t^e with k = 2. 

A complete k-ary treeJts a k-ary tree in which all leaves have the same depth 
and all internal nodes haW'pegree k. Figure B.8 shows a complete binary tree of 
height 3. How many leavesMnes a complete k-ary tree of height h have? The root 
has k children at depth 1, eacfaXtf which has k children at depth 2, etc. Thus, the 
number of leaves at depth h is ^.Consequently, the height of a complete k-ary 
tree with n leaves is \og k n. The number of internal nodes of a complete k-ary tree 
of height h is 



h-l 



jibe/ 1 



1 + k + k 2 H h k 



h-l 



k h 

~k~- 



«6 



1 



o 



by equation (A.5). Thus, a complete binary tree has^ — 1 internal nodes. 



Exercises 



B.5-1 

Draw all the free trees composed of the three vertices x, y, and z. Draw all the 
rooted trees with nodes x, y, and z with x as the root. Draw all the ordered trees 
with nodes x, y, and z with x as the root. Draw all the binary trees with nodes x, 
y, and z with x as the root. 



Problems 



iiSO^^ Appendix B Sets, Etc. 

B.5-2 

, Let G = (V, E) be a directed acyclic graph in which there is a vertex v 0 e V 
^such that there exists a unique path from v 0 to every vertex v e V. Prove that the 
«rairected version of G forms a tree. 

b% 

Showvmunduction that the number of degree-2 nodes in any nonempty binary tree 
is 1 fewer-than the number of leaves. Conclude that the number of internal nodes 
in a full binajy tree is 1 fewer than the number of leaves. 

B.5-4 y>' 

Use induction K^Show that a nonempty binary tree with n nodes has height at 
least [IgnJ- 

B.5-5 ★ v v* 

The internal path lengtlpqi a full binary tree is the sum, taken over all internal 
nodes of the tree, of the depth of each node. Likewise, the external path length is 
the sum, taken over all leaveS^f the tree, of the depth of each leaf. Consider a full 
binary tree with n internal noaesLinternal path length i, and external path length e. 
Prove that e = i + In . \y 

B.5-6 * ^ 

Let us associate a "weight" w(x) = with each leaf x of depth d in a binary 
tree T, and let L be the set of leaves of^. Prove that ^2 xeL w(x) < 1. (This is 
known as the Kraft inequality.) 

B.5-7 * ^\ 

Show that if L > 2, then every binary tree wimWjeaves contains a subtree having 
between L/3 and 2L/3 leaves, inclusive. 

\ 

B-l Graph coloring 

Given an undirected graph G = (V, E), a k -coloring of G is a function c : V — »■ 

{0, 1 A: — 1} such that c(u) ^ c(v) for every edge (u, v) € E. In other words, 

the numbers 0, 1 k — 1 represent the /c colors, and adjacent vertices must have 

different colors. 



a. Show that any tree is 2-colorable. 



Problems for Appendix B 



1181 



b. Show that the following are equivalent: 

~ 1. G is bipartite. 
2. G is 2-colorable. 
(^>- G has no cycles of odd length. 




be the maximum degree of any vertex in a graph G. Prove that we can 
yrG with d + 1 colors. 
0 

d. Show^t if G has 0{\V\) ed ges, then we can color G with 0(-y/|F|) colors. 
B-2 Friendl^raphs 

Reword each ofvj^e following statements as a theorem about undirected graphs, 
and then prove it. ^ume that friendship is symmetric but not reflexive. 

a. Any group of at N fe^i# two people contains at least two people with the same 
number of friends in- the group. 

b. Every group of six peopt^ contains either at least three mutual friends or at least 
three mutual strangers. 0 

c. Any group of people can be netftitioned into two subgroups such that at least 
half the friends of each person qejj&ig to the subgroup of which that person is 
not a member. ^ q 

d. If everyone in a group is the friend o^^least half the people in the group, then 
the group can be seated around a tablls5n\such a way that everyone is seated 
between two friends. V'O 

O 

B-3 Bisecting trees C 

Many divide-and-conquer algorithms that operate on graphs require that the graph 
be bisected into two nearly equal-sized subgraphs, whlqi^are induced by a partition 
of the vertices. This problem investigates bisections of tiQkformed by removing a 
small number of edges. We require that whenever two vefpcps end up in the same 
subtree after removing edges, then they must be in the same partition. 

a. Show that we can partition the vertices of any n -vertex binary tree into two 
sets A and B, such that \A\ < 3«/4 and |S| < 3«/4, by removing a single 
edge. 

b. Show that the constant 3/4 in part (a) is optimal in the worst case by giving 
an example of a simple binary tree whose most evenly balanced partition upon 
removal of a single edge has \A\ = 3n/4. 
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c. Show that by removing at most 0(lg/i) edges, we can partition the vertices 



of any n -vertex binary tree into two sets A and B such that \A\ = [n/2\ 



G. Boole (pjjbneered the development of symbolic logic, and he introduced many of 
the basic se^Dotations in a book published in 1854. Modern set theory was created 
by G. Cantor\^uring the period 1874-1895. Cantor focused primarily on sets of 
infinite cardinality The term "function" is attributed to G. W. Leibniz, who used it 
to refer to severaT^jds of mathematical formulas. His limited definition has been 
generalized many tua&s. Graph theory originated in 1736, when L. Euler proved 
that it was impossible ,tp>cross each of the seven bridges in the city of Konigsberg 
exactly once and returrrtpHhe starting point. 



^ and \B\ = \n/2~\. 




Appendix notes 






~ Counting and Probability 

This appendixresnews elementary combinatorics and probability theory. If you 
have a good backgp<Jnd in these areas, you may want to skim the beginning of this 
appendix lightly and concentrate on the later sections. Most of this book's chapters 
do not require probability but for some chapters it is essential. 

Section C.l reviews^elementary results in counting theory, including standard 
formulas for counting permutations and combinations. The axioms of probability 
and basic facts concerningvprobability distributions form Section C.2. Random 
variables are introduced in Ssction C.3, along with the properties of expectation 
and variance. Section C.4 investigates the geometric and binomial distributions 
that arise from studying BemoullQ-ials. The study of the binomial distribution 
continues in Section C.5, an advanc&idaiscussion of the "tails" of the distribution. 



C.l Counting 



Counting theory tries to answer the question "Mow^many?" without actually enu- 
merating all the choices. For example, we mighK^sk, "How many different «-bit 
numbers are there?" or "How many orderings of n distinct elements are there?" In 
this section, we review the elements of counting fheorj£j$ince some of the material 
assumes a basic understanding of sets, you might wish(T^ start by reviewing the 
material in Section B.l. 

Rules of sum and product 

We can sometimes express a set of items that we wish to count as a union of disjoint 
sets or as a Cartesian product of sets. 

The rule of sum says that the number of ways to choose one element from one 
of two disjoint sets is the sum of the cardinalities of the sets. That is, if A and B 
are two finite sets with no members in common, then |y4US| = |^4| + |B|, which 
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follows from equation (B.3). For example, each position on a car's license plate 
is a letter or a digit. The number of possibilities for each position is therefore 
\§H6 + 10 = 36, since there are 26 choices if it is a letter and 10 choices if it is a 
<%t. 

(ffoe rule of product says that the number of ways to choose an ordered pair is the 
numbers of ways to choose the first element times the number of ways to choose the 
secona/^lement. That is, if A and B are two finite sets, then |^4xB| = |j4| ■ |Z?|, 
which lS/dmply equation (B.4). For example, if an ice-cream parlor offers 28 
flavors ofrcpicream and 4 toppings, the number of possible sundaes with one scoop 
of ice crearrrand'one topping is 28 ■ 4 = 112. 

Strings 

A string over a finiteC^St S is a sequence of elements of S. For example, there are 8 
binary strings of length^: 

000,001,010,011, loo, foui 10, 111 . 

We sometimes call a string ^length k a k -string. A substring s' of a string s 
is an ordered sequence of con^^utive elements of s. A k -substring of a string 
is a substring of length k. For example, 010 is a 3-substring of 01101001 (the 
3-substring that begins in position 40)ut 1 1 1 is not a substring of 01 101001. 

We can view a fc-string over a set »^tfs an element of the Cartesian product S k 
of ^-tuples; thus, there are \S\ strings (6^ length k. For example, the number of 
binary k -strings is 2 k . Intuitively, to constrTItt a A>string over an n-set, we have n 
ways to pick the first element; for each of me^choices, we have n ways to pick the 
second element; and so forth k times. This cons&uction leads to the k-fo\& product 
n ■ n ■ ■ ■ n = n k as the number of ^-strings. 

o 

Permutations 

A permutation of a finite set S is an ordered sequenc^^f all the elements of S, 
with each element appearing exactly once. For example, = {a, b, c}, then S 
has 6 permutations: VO 

abc,acb,bac,bca,cab,cba . 

There are n \ permutations of a set of n elements, since we can choose the first 
element of the sequence in n ways, the second in n — 1 ways, the third in n — 2 
ways, and so on. 

A k -permutation of S is an ordered sequence of k elements of S, with no ele- 
ment appearing more than once in the sequence. (Thus, an ordinary permutation is 
an n-permutation of an «-set.) The twelve 2-permutations of the set {a, b, c, d} are 
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ab,ac,ad, ba,bc,bd, ca,cb, cd,da, db, dc . 
The number of k -permutations of an «-set is 

^_l)(„_2)...(„-* + l) = ^L^ > (C.l) 

sinc^we have n ways to choose the first element, n — 1 ways to choose the second 
elemeMand so on, until we have selected k elements, the last being a selection 
from th^^maining n — k + 1 elements. 

CombinatiitfiSv 

V 

A k-combinatio^yf an «-set S is simply a & -subset of S. For example, the 4-set 
{a, b, c, d} has six^combinations: 

ab,ac,ad, bc,bd,c\?' 

(Here we use the shorthand of denoting the 2-subset {a,b} by ab, and so on.) 
We can construct a /: -combination of an «-set by choosing k distinct (different) 
elements from the «-set. The wder in which we select the elements does not matter. 

We can express the number oiA: -combinations of an «-set in terms of the number 
of -permutations of an «-set. EveiN' & -combination has exactly k \ permutations 
of its elements, each of which is a-disjinct k -permutation of the n-set. Thus, the 
number of k -combinations of an M^eJ^is the number of k -permutations divided 
by k\; from equation (C.l), this quantis 




kl (n — k)\ 

For k = 0, this formula tells us that the number© ways to choose 0 elements from 
an «-set is 1 (not 0), since 0! = 1. \^ 

Binomial coefficients O" 



The notation (£) (read "n choose k") denotes the numb^of k -combinations of 
an «-set. From equation (C.2), we have 




n \ n\ 



\kl k\(n-k)\ 

This formula is symmetric in k and n — k: 







( n \ 




1=1 


\n-kj 



(C.3) 



Appendix C Counting and Probability 



These numbers are also known as binomial coefficients, due to their appearance in 
the binomial expansion: 

^+y) n = £ ( n k ] xk y n ~ k ■ (C4) 

A spee^case of the binomial expansion occurs when x = y = 1: 
2»= 

k=o VV>* 

This formula corresponds to counting the 2" binary n -strings by the number of Is 
they contain: (^) b^ary w-strings contain exactly k Is, since we have (£) ways to 
choose k out of the a^ositions in which to place the Is. 



Many identities invplye' binomial coefficients. The exercises at the end of this 
section give you the oppo^inity to prove a few. 

Binomial bounds 

We sometimes need to bound resize of a binomial coefficient. For 1 < k < n, 
we have the lower bound • > 

(n\ n(n-\)---(n-k + VT S > 
\k) ~ k (k-\)---\ o 

■ ©(£t)~( Sz t ±1 & 
2 is) o 

Taking advantage of the inequality k\ > (k/e) k derived from Stirling's approxi- 
mation (3.18), we obtain the upper bounds 



<n\ n(n - 1) ■■• (n - k + 1) 

K k) ~ k(k - 1) • • • 1 

n k 
k\ 

k 



< 



(en\ K 

5 (-) ■ (C - 5) 

For all integers k such that 0 < k < n, we can use induction (see Exercise C. 1-12) 
to prove the bound 
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n\ n n 

K kj- k k (n-k)"- k ' (C ' 6) 

v^here for convenience we assume that 0° = 1. For k = An, where 0 < A < 1, we 
rewrite this bound as 




MVq (A«) A "((1 - A)7t)d- A )" 



X 



where C 

H(X) = -AlgA-(r-^l)lg(l-A) (C.7) 

is the (binary) entropy %thction and where, for convenience, we assume that 
OlgO = 0, so that H(0) = = 0. 

Exercises • > 

C.l-1 s^> 

How many k -substrings does an n-strin^have? (Consider identical ^-substrings at 
different positions to be different.) How(ffigny substrings does an n -string have in 
total? \& 

C.l-2 

An n-input, m-output boolean function is a wnction from {true, FALSE}" to 
{true, false}" 1 . How many /i-input, 1-output boolean functions are there? How 
many n -input, m-output boolean functions are there? 

o 

C.l-3 Q 

In how many ways can n professors sit around a circularvdenference table? Con- 
sider two searings to be the same if one can be rotated to fofm the other. 

C.l -4 

In how many ways can we choose three distinct numbers from the set { 1 , 2, . . . , 99} 
so that their sum is even? 
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C.l-5 

Prove the identity 




(C.8) 



<\. 

C.l-7 S\ 

To choose k objects from you can make one of the objects distinguished and 
consider whether the disthCgttished object is chosen. Use this approach to prove 
that O 




Using the result of Exercise C.l-7, make arable for n = 0, 1 , . . . , 6 and 0 < k < n 
of the binomial coefficients {" k ) with Q aMffeApp, Q and (j) on the next line, and 
so forth. Such a table of binomial coefficientsn^alled Pascal's triangle. 

C.l-9 O 

Prove that 

Show that for any integers n > 0 and 0 < k < n, the expression achieves its 
maximum value when k = \_n / 2J or k = \n / 2] . 

C.l-11 ★ 

Argue that for any integers n > 0, j > 0, k > 0, and j + k < n, 

(C9) 
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Provide both an algebraic proof and an argument based on a method for choosing 
« j + k items out of n. Give an example in which equality does not hold. 

^Use induction on all integers k such that 0 < k < n/2 to prove inequality (C.6), 
ano^se equation (C.3) to extend it to all integers k such that 0 < k < n. 

Use Sting's approximation to prove that 
(2n\ %>' 

11 = -^/l + 0(l/n)) . (CIO) 
C.l-14 * C , 

By differentiating thyentropy function H(X), show that it achieves its maximum 
value at A = 1/2. Wha^ //(1/2)? 



C.i-i5 ★ (\ 

Show that for any integer n q^) 




«2" _1 . *Q (C.ll) 



fc=o 



C.2 Probability 

Probability is an essential tool for the design a riQina lysis of probabilistic and ran- 
domized algorithms. This section reviews basic probability theory. 

We define probability in terms of a sample space S, which is a set whose ele- 
ments are called elementary events. We can think oi@tch elementary event as a 
possible outcome of an experiment. For the experiment damping two distinguish- 
able coins, with each individual flip resulting in a head (h)'6?5i tail (T), we can view 
the sample space as consisting of the set of all possible 2-strings over {h, t}: 



S = {hh,ht,th,tt} 
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An event is a subset 1 of the sample space S. For example, in the experiment of 
flipping two coins, the event of obtaining one head and one tail is {ht,th}. The 
•^vent S is called the certain event, and the event 0 is called the null event. We say 
■that two events A and B are mutually exclusive if A n B = 0. We sometimes treat 
anrtijementary event s € S as the event {s}. By definition, all elementary events 
are i^muaily exclusive. 

® 

Axioms ^probability 

A probabiluy^distribution Pr {} on a sample space 5 is a mapping from events of 5 
to real numbeijf^atisfying the following probability axioms: 

1. Pr {^} > 0 for^y event A. 

2. Pi{S} =1. 

3. Pr{A U B} = Prf4fc + Pr{S} for any two mutually exclusive events A 
and 5. More generally, for any (finite or countably infinite) sequence of events 
Ai, A 2 , . . . that are painyi^mutually exclusive, 



Pr 



We call Pr{^4} the probability of theXevent A. We note here that axiom 2 is a 
normalization requirement: there is reafWflpthing fundamental about choosing 1 
as the probability of the certain event, excsgprthat it is natural and convenient. 

Several results follow immediately from ffa^e axioms and basic set theory (see 
Section B.l). The null event 0 has probabtf%)Pr{0} = 0. If A C B, then 
Pr{/1} < Pr{S}. Using A to denote the event© — A (the complement of A), 
we have Pr {^4} = 1 — Pr {^4}. For any two events ^^nd B, 

Pr{y4US} = Pr{y4} + Pr{S}-Pr{^ln B) * ^ (C.12) 
< Pr{^} + Pr{B} . (C.13) 



3> 



1 For a general probability distribution, there may be some subsets of the sample space S that are not 
considered to be events. This situation usually arises when the sample space is uncountably infinite. 
The main requirement for what subsets are events is that the set of events of a sample space be closed 
under the operations of taking the complement of an event, forming the union of a finite or countable 
number of events, and taking the intersection of a finite or countable number of events. Most of 
the probability distributions we shall see are over finite or countable sample spaces, and we shall 
generally consider all subsets of a sample space to be events. A notable exception is the continuous 
uniform probability distribution, which we shall see shortly. 
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In our coin-flipping example, suppose that each of the four elementary events 
has probability 1/4. Then the probability of getting at least one head is 

^\pt{hh,ht,th} = Pr {hh} + Pr {ht} + Pr {th} 

AllOTiatively, since the probability of getting strictly less than one head is 
Pr {Tlj^= 1 / 4, the probability of getting at least one head is 1 — 1/4 = 3/4. 

Discrete probability distributions 

V' 

A probability distribution is discrete if it is defined over a finite or countably infinite 
sample space. be the sample space. Then for any event A, 

Pr{^} = ^Pr{5^ 

seA Y 

since elementary even^specifically those in A, are mutually exclusive. If S is 
finite and every elementa^^fevent s € S has probability 

Pr {*} = V \S\, ^0 

then we have the uniform probability distribution on S. In such a case the experi- 
ment is often described as "pickirtjyin element of S at random." 

As an example, consider the proses of flipping a fair coin, one for which the 
probability of obtaining a head is the saffije as the probability of obtaining a tail, that 
is, 1/2. If we flip the coin n times, we@ye the uniform probability distribution 
defined on the sample space S = {h, Tj*\^$et of size 2". We can represent each 
elementary event in 5 as a string of length T K each string occurring with 

probability 1/2" . The event q 

A = {exactly k heads and exactly n — k tails occ(Jrf 

is a subset of S of size \A\ — (^), since (£) strings of length n over {h, t} contain 
exactly k H's. The probability of event A is thus Pr {Af^{^/2 n . 

Continuous uniform probability distribution * 

The continuous uniform probability distribution is an example of a probability 
distribution in which not all subsets of the sample space are considered to be 
events. The continuous uniform probability distribution is defined over a closed 
interval [a, b] of the reals, where a < b. Our intuition is that each point in the in- 
terval [a, b] should be "equally lrkely." There are an uncountable number of points, 
however, so if we give all points the same finite, positive probability, we cannot si- 
multaneously satisfy axioms 2 and 3. For this reason, we would like to associate a 
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probability only with some of the subsets of S, in such a way that the axioms are 
satisfied for these events. 
^\ For any closed interval [c, d], where a < c < d < b, the continuous uniform 
pwbability distribution defines the probability of the event [c, d] to be 

Note tf^for any point x = [x,x], the probability of x is 0. If we remove 
the endpsjHts of an interval [c,d], we obtain the open interval (c,d). Since 
[c, d] = [cftf UJc, d) U [d, d], axiom 3 gives us Pr{[c, d]} = Pr {(c, d)}. Gen- 
erally, the set\f*events for the continuous uniform probability distribution contains 
any subset of the^ample space [a , b] that can be obtained by a finite or countable 
union of open and^jlbsed intervals, as well as certain more complicated sets. 

Conditional probabili^ajid independence 

Sometimes we have some prior partial knowledge about the outcome of an exper- 
iment. For example, suppoSepHjat a friend has flipped two fair coins and has told 
you that at least one of the coin^showed a head. What is the probability that both 
coins are heads? The information given eliminates the possibility of two tails. The 
three remaining elementary event? ajs? equally likely, so we infer that each occurs 



with probability 1/3. Since only one-ef these elementary events shows two heads, 
the answer to our question is 1/3. \ 

Conditional probability formalizes theuibtion of having prior partial knowledge 
of the outcome of an experiment. The con&jkonal probability of an event A given 
that another event B occurs is defined to be \& 
PrMnS} <0 

whenever Pr {B} ^ 0. (We read "Pr {A \ B}" as "the probability of A given B.") 
Intuitively, since we are given that event B occurs, trie-event that A also occurs 
is A fl B. That is, A D B is the set of outcomes in wn-ich both A and B occur. 
Because the outcome is one of the elementary events in S^wejiiormalize the prob- 
abilities of all the elementary events in B by dividing them by^Pr {B}, so that they 
sum to 1. The conditional probability of A given B is, therefore, the ratio of the 
probability of event A fl B to the probability of event B. In the example above, A 
is the event that both coins are heads, and B is the event that at least one coin is a 
head. Thus, Pr{,4 | B} = (l/4)/(3/4) = 1/3. 
Two events are independent if 

Pr{A nfi} = Pr{^}Pr{fi} , (C.15) 



which is equivalent, if Pr{B} ^ 0, to the condition 
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PrL4 | B} = Pr{A} . 

r>. For example, suppose that we flip two fair coins and that the outcomes are inde- 
V^ffendent. Then the probability of two heads is (1/2) (1/2) = 1/4. Now suppose 
vfhat one event is that the first coin comes up heads and the other event is that the 
cmwcome up differently. Each of these events occurs with probability 1/2, and 
the frobability that both events occur is 1/4; thus, according to the definition of 
independence, the events are independent— even though you might think that both 
events £$pend on the first coin. Finally, suppose that the coins are welded to- 
gether so^at they both fall heads or both fall tails and that the two possibilities are 
equally likeS^ Then the probability that each coin comes up heads is 1/2, but the 
probability thlS^Dhey both come up heads is 1/2 ^ (1/2) (1/2). Consequently, the 
event that one capites up heads and the event that the other comes up heads are not 
independent. 

A collection A x , A^'. . . , A n of events is said to be pairwise independent if 

Pr{,4, : nA j } = Pr{A i 'yPr > {Aj} 

for all 1 < i < j < n. WeNsay that the events of the collection are (mutually) 
independent if every ^-subsel^j , A i2 , . . . , A ik of the collection, where 2 < k < n 
and 1 < i] < U < • • • < h < n, satisfies 

Vr{A h n A h n • • • n A ik } = Pr $$pr {A h } ■ ■ ■ Pr {A ik } . 

For example, suppose we flip two fair Qps. Let Ai be the event that the first coin 
is heads, let A 2 be the event that the second coin is heads, and let A 3 be the event 



that the two coins are different. We have^^y 



Pr{^} = 


1/2 


?r{A 2 } = 


1/2 


Pr{^ 3 } = 


1/2 


Pr{A, n A 2 ) = 


1/4 


Prj^n^} = 


1/4 


Pt{A 2 HA 3 } = 


1/4 


Pr^x r~M 2 n 4 3 } = 


0 . 



^6 
°6 



Since for 1 < i < j < 3, we have Pr{^, nAj} = Pr{^ ( }Pr{^ 7 } = 1/4, the 
events A\, A 2 , and A 3 are pairwise independent. The events are not mutually inde- 
pendent, however, because Pr {A Y n A 2 n A 3 } = 0 and Pr{^ 1 }Pr{^4 2 }Pr{^3} = 
1/8 ± 0. 
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Bayes's theorem 



4: 



rom the definition of conditional probability (C.14) and the commutative law 
) A^T\ B = B fl A, it follows that for two events A and B, each with nonzero 
probability, 

Prft^tf} = Pr{B}Pr{A\B} (C.16) 

*0 = Pr{A}Pr{B \ A} . 
Solving f§?)Pr {A \ B}, we obtain 
^>Pr{A}Pr{B I A} 

^''i ^ • <C17 > 

which is knownvas^oyes's theorem. The denominator Pr{5} is a normalizing 
constant, which w^c^n reformulate as follows. Since 5 = (B fl ^4) U (B n ^4), 
and since 5 fl A ancCo Q ^ are mutually exclusive events, 

Pr{5} = Pr{5 n ^f^Pr{B nl} 

= Pr {A} Pr {S k^} + Pr {1} Pr {B \ A} . 

Substituting into equation (Q£T7), we obtain an equivalent form of Bayes's theo- 
rem: 

Pr {/I} Pr {5 | A} + iQ/lJ Pr {B \ A] 

Bayes's theorem can simplify the commuting of conditional probabilities. For 
example, suppose that we have a fair com^nd a biased coin that always comes up 
heads. We run an experiment consisting vj^hree independent events: we choose 
one of the two coins at random, we flip thaSsSein once, and then we flip it again. 
Suppose that the coin we have chosen comef^^ heads both times. What is the 
probability that it is biased? Q 

We solve this problem using Bayes's theorem, be the event that we choose 
the biased coin, and let B be the event that the chosej^ coin comes up heads both 
times. We wish to determine Pr{^ | B). We have Pr{^V V 2 , Pr{5 | A) = 1, 
Pr {A} = 1 /2, and Pr {B | 1} = 1 /4; hence, Q 

Pr{A\B } = ^tl ^> 

(1/2)- 1 + (1/2)- (1/4) 

= 4/5. 



Exercises 
C.2-1 

Professor Rosencrantz flips a fair coin once. Professor Guildenstern flips a fair 
coin twice. What is the probability that Professor Rosencrantz obtains more heads 
than Professor Guildenstern? 
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C.2-2 

Prove Boole's inequality: For any finite or countably infinite sequence of events 
U^ 2 U---} <Pr{^ 1 } + Pr{4 2 } + --- . (C.19) 

Suppssewe shuffle a deck of 10 cards, each bearing a distinct number from 1 to 10, 
to mix ir}« cards thoroughly. We then remove three cards, one at a time, from the 
deck. WK^Pis tiie probability that we select the three cards in sorted (increasing) 
order? y*' 

C.2-4 ^ 

Prove that ^\ 

Vr{A | S} + Pr{IS^j = 1 . 
C.2-5 y 

Prove that for any collectio^of events A it A 2 , ■ ■ ■ , A„, 
Pr{A 1 nA 2 n---nA n } = $A 1 }-Pr{A 2 \ A 1 }-Pr{A 3 | At n A 2 } • • • 

Pr{*AAA 1 nA 2 n---nA n _ 1 } . 

V 

C.2-6 ★ Q 

Describe a procedure that takes as inpuTiw) integers a and b such that 0 < a < b 
and, using fair coin flips, produces as oumirtvheads with probability a/b and tails 
with probability (b — a) lb. Give a bouncrra*Jhe expected number of coin flips, 
which should be 0(1). {Hint: Represent a jo nybinary.) 

C.2-7 ★ 

Show how to construct a set of n events that are pairwise independent but such that 
no subset of k > 2 of them is mutually independent. 

C.2-8 * ^ 

Two events A and B are conditionally independent, given C, if 

Pr{y4 n B | C} = Pr{y4 | C} Pr{B | C) . 

Give a simple but nontrivial example of two events that are not independent but are 
conditionally independent given a third event. 

C.2-9 * 

You are a contestant in a game show in which a prize is hidden behind one of 
three curtains. You will win the prize if you select the correct curtain. After you 
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have picked one curtain but before the curtain is lifted, the emcee lifts one of the 
. other curtains, knowing that it will reveal an empty stage, and asks if you would 
■^bike to switch from your current selection to the remaining curtain. How would 
™r chances change if you switch? (This question is the celebrated Monty Hall 
profflem, named after a game-show host who often presented contestants with just 
this di^mma.) 

A prison wajden has randomly picked one prisoner among three to go free. The 
other two wi^f be executed. The guard knows which one will go free but is forbid- 
den to give any prisoner information regarding his status. Let us call the prisoners 
X, Y , and Z. Pp&oner X asks the guard privately which of Y or Z will be exe- 
cuted, arguing nee he already knows that at least one of them must die, the 
guard won't be reveling any information about his own status. The guard tells X 
that Y is to be executed^Prisoner X feels happier now, since he figures that either 
he or prisoner Z will ee, which means that his probability of going free is 
now 1/2. Is he right, or arq^ms chances still 1/3? Explain. 



C.3 Discrete random variables 



'It 



A (discrete) random variable X is a Yunction from a finite or countably infinite 
sample space S to the real numbers. It associates a real number with each possible 
outcome of an experiment, which allows >us^tb work with the probability distribu- 
tion induced on the resulting set of numbers, random variables can also be defined 
for uncountably infinite sample spaces, but th€yjaise technical issues that are un- 
necessary to address for our puiposes. Hencefor© jwe shall assume that random 
variables are discrete. 

For a random variable X and a real number x, we 4efine the event X = x to be 
{s eS : X(s) = x}; thus, Q 

Pr{X = x}= £Pr{*} . 9\ 

seS:X(s)=x < 

The function 

f(x) = Pr{X = x} 

is the probability density function of the random variable X. From the probability 
axioms, Pr {X = x} > 0 and J2 X Pr {X = x} = 1. 

As an example, consider the experiment of rolling a pair of ordinary, 6-sided 
dice. There are 36 possible elementary events in the sample space. We assume 
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that the probability distribution is uniform, so that each elementary event s e S is 
equally likely: Pr {s} = 1/36. Define the random variable X to be the maximum of 
\§\ the two values showing on the dice. We have Pr {X = 3} = 5/36, since X assigns 
v^a value of 3 to 5 of the 36 possible elementary events, namely, (1, 3), (2, 3), (3, 3), 
W)^ and (3, 1). 

^ra often define several random variables on the same sample space. If X and Y 
are f^^om variables, the function 

/(*> y&Pr {X = x and Y = y} 

is the joinfjfrpbability density function of X and Y . For a fixed value y, 
Pr{F = y) ^^Pr{^ = x and Y = y} , 



)r affixed value x, 

X x 

Vx{X = x} = J2^{<P= x and 7 = j} . 

Using the definition (C.14)w conditional probability, we have 
n tv lv , Pr{JT=xandF = y} 

We define two random vaiiables X h^Y to be independent if for all x and y, the 
events X = x and Y = y are indepei@nt or, equivalently, if for all x and j, we 
have Pr{X = x and 7 = y} = Pr{X ^^Pr {Y = y}. 

Given a set of random vaiiables definedjjbver the same sample space, we can 
define new random vaiiables as sums, prodp^^ or other functions of the original 
vaiiables. (~\ 

Expected value of a random variable , 

The simplest and most useful summary of the distribution, of a random variable is 
the "average" of the values it takes on. The expected vmtie (or, synonymously, 
expectation or mean) of a discrete random variable X is 

E[X] = J2 X ' Pr {X = x} , (C.20) 

X 

which is well defined if the sum is finite or converges absolutely. Sometimes the 
expectation of X is denoted by [i x or, when the random variable is apparent from 
context, simply by \x. 

Consider a game in which you flip two fair coins. You earn $3 for each head but 
lose $2 for each tail. The expected value of the random variable X representing 
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your earnings is 

' £[X] = 6 • Pr {2 h's} + 1 ■ Pr { 1 H, 1 t} — 4 ■ Pr {2 T's} 
V< = 6(1/4) + 1(1/2) -4(1/4) 

\ ' 

Tn^expectation of the sum of two random variables is the sum of their expecta- 
tions, th)« is, 

E [X + IT^jE [X] + E [Y] , (C.21) 

whenever E and E [Y] are defined. We call this property linearity of expecta- 
tion, and it holdff^ven if X and Y are not independent. It also extends to finite and 
absolutely convergtpk summations of expectations. Linearity of expectation is the 
key property that er^ibHes us to perform probabilistic analyses by using indicator 
random variables (see^ction 5.2). 

If X is any random Yl&able, any function g{x) defines a new random vari- 
able g(X). If the expectati^riipf g(X) is defined, then 

E[g(X)] = J2s(x)-Pr{X^ . 

Letting g(x) = ax, we have for anj^ynstant a, 

E[aX] = aE[X] . \* (C.22) 

Consequently, expectations are linear: foY^sy two random variables X and Y and 
any constant a, 

^\ 

E[aX + Y] = aE[X] + E[Y] . (C.23) 

When two random variables X and Y are independent and each has a defined 
expectation, v. 

E[XY] = J^^xy -Vr{X = xm&Y = y) Q 

x y Q\ 
= EE xy ' Pr { I = i i pi '{ y = ^ V 



^>-PrLY = x}j (j2yPr{Y = y}^J 



= E[X]E[Y] . 

In general, when n random variables Xi, X 2 , . . . , X n are mutually independent, 
E[X,X 2 --- X n ] = E [Xi] E [X 2 ] ■E [X n ] . (C.24) 
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When a random variable X takes on values from the set of natural numbers 
N = {0, 1, 2, . . .}, we have a nice formula for its expectation: 

<$= E ^ Pr > 0 - Pr > i + 1}) 

(C.25) 




since each temLF${X > i} is added in z times and subtracted out z — 1 times 
(except Pr {X > uL^vhich is added in 0 times and not subtracted out at all). 

When we applyS convex function f(x) to a random variable X, Jensen's in- 
equality gives us 

E[f{X)]>f(E[X]), <^ (C.26) 

provided that the expectation^exist and are finite. (A function f(x) is convex 
if for all x and y and for Mr 0 < A < 1, we have f(Xx + (1 — X)y) < 
Xf(x) + {\-X)f{y).) *^ 

Variance and standard deviation 

The expected value of a random variabtpdoes not tell us how "spread out" the 
variable's values are. For example, if we ha^^random variables X and Y for which 
Pr{X = 1/4} = Pr{X = 3/4} = 1/2 and(^{7 = 0} = Pr{7 = 1} = 1/2, 
then both E [X] and E [Y] are 1/2, yet the actu^Tjvalues taken on by Y are farther 
from the mean than the actual values taken on by ^\ 

The notion of variance mathematically expresses how far from the mean a ran- 
dom variable's values are likely to be. The variance of>a random variable X with 
mean E [X] is q 

Var[Z] = E[(X-E[X]) 2 ] ^ 

= E [X 2 — 2XE [X] + E 2 [X]] 

= E [X 2 ] - 2E [XE [X]] + E 2 [X] 

= E[X 2 ]-2E 2 [X]+E 2 [X] 

= E[X 2 ]-E 2 [X] . (C.27) 

To justify the equality E [E 2 [X]] = E 2 [X], note that because E [X] is a real num- 
ber and not a random variable, so is E 2 [X]. The equality E [XE [X]] = E 2 [X] 
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follows from equation (C.22), with a = E [X]. Rewriting equation (C.27) yields 
an expression for the expectation of the square of a random variable: 



^ 2 ] = 



Var [X] + E 2 [X] . (C.28) 



variance of a random variable X and the variance of aX are related (see 
Exerc^e C.3-10): 

Var[a^La 2 Var[X] . 

When X atrffy are independent random variables, 
Var [X + Y] ^>fcjr [X] + Var [Y] . 

In general, if n random variables X lt X 2 , . . . , X„ are pairwise independent, then 

.1 = 1 J 1 = 1 C V 

The standard deviation ofp^random variable X is the nonnegative square root 
of the variance of X. The standard deviation of a random variable X is sometimes 



Var 



denoted a x or simply a when me random variable X is understood from context. 
With this notation, the variance oPX is denoted ct 2 . 

Exercises \^ 
CJ-i ^ 

Suppose we roll two ordinary, 6-sided dice^jWhat is the expectation of the sum 
of the two values showing? What is the expe^jfjtjion of the maximum of the two 
values showing? (~\ 

C.3-2 ^ 

An array A[l . . n] contains n distinct numbers that are randomly ordered, with each 
permutation of the n numbers being equally likely. What is the expectation of the 
index of the maximum element in the array? What is the ^expectation of the index 
of the minimum element in the array? 

C.3-3 

A carnival game consists of three dice in a cage. A player can bet a dollar on any 
of the numbers 1 through 6. The cage is shaken, and the payoff is as follows. If the 
player's number doesn't appear on any of the dice, he loses his dollar. Otherwise, 
if his number appeal's on exactly k of the three dice, for A: = 1, 2, 3, he keeps his 
dollar and wins k more dollars. What is his expected gain from playing the carnival 
game once? 
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^ C.3-4 

, Argue that if X and Y are nonnegative random variables, then 
^£ [max(Z, Y)] <E[X] + E [Y] . 

\* 

Let y ^rand Y be independent random variables. Prove that f(X) and g(Y) are 
independent for any choice of functions / and g. 

C.3-6 & 

Let X be aNjonnegative random variable, and suppose that E [X] is well defined. 
Prove MarkoVpinequality: 



Pr{Z > t} <E[XMt (C.30) 
for all t > 0. N^' 
C.3-7 ★ A 

Let S be a sample space^nd let X and X' be random variables such that 
X(s) > X'(s) for all s € S. F/fCwe that for any real constant t, 



Pt{X >t}> Pr{X' > f} 
C.3-8 

Which is larger: the expectation of the-smiare of a random variable, or the square 
of its expectation? V ^j^ 

C.3-9 

Show that for any random vaiiable X that takes @ only the values 0 and 1, we have 
Var [X] = E [X] E [1 - X]. 

C.3-10 " p. 

Prove that Var [aX] = a 2 Var [X] from the definition of variance. 

^ 

C.4 The geometric and binomial distributions 



We can think of a coin flip as an instance of a Bernoulli trial, which is an experi- 
ment with only two possible outcomes: success, which occurs with probability p, 
and failure, which occurs with probability q = I — p. When we speak of Bernoulli 
trials collectively, we mean that the trials are mutually independent and, unless we 
specifically say otherwise, that each has the same probability p for success. Two 
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Figure C.l A geometric distribution wirh^probability p = 1/3 of success and a probability 
q = 1 — p of failure. The expectation of the distribution is 1/ p = 3. 

o 

important distributions arise from BernoaBrtrials: the geometric distribution and 
the binomial distribution. \ 

The geometric distribution O v 

Suppose we have a sequence of Bernoulli trials, each # with a probability p of suc- 
cess and a probability q = l—pof failure. How many trjSr$ occur before we obtain 
a success? Let us define the random variable X be the number of trials needed to 
obtain a success. Then X has values in the range {l,2,...}£Adfor > 1, 



Pr{Z = k) 



q k l p , 



(C.31) 



since we have k — 1 failures before the one success. A probability distribution sat- 
isfying equation (C.31) is said to be ^geometric distribution. Figure C.l illustrates 
such a distribution. 
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Assuming that q < 1, we can calculate the expectation of a geometric distribu- 
tion using identity (A. 8): 



k=l 



4r f*> 



Vft, (l-<?) 2 

= ^ 

= (C.32) 

Thus, on average, it- takes l/p trials before we obtain a success, an intuitive result. 
The variance, which can^ie calculated similarly, but using Exercise A. 1-3, is 

Var[X] = q/p 2 . C £ (C.33) 

As an example, supposa^&e repeatedly roll two dice until we obtain either a 
seven or an eleven. Of the 3(£^ossible outcomes, 6 yield a seven and 2 yield an 
eleven. Thus, the probability o| success is p = 8/36 = 2/9, and we must roll 
l/p = 9/2 = 4.5 times on average^to obtain a seven or eleven. 



The binomial distribution Q 



How many successes occur during n BeOToulli trials, where a success occurs with 
probability p and a failure with probability^?^ 1 — />? Define the random vari- 
able X to be the number of successes in n trlalk Then X has values in the range 
{0, 1, . . . , n}, and for k = 0, 1, . . . , n, 

Pr{X =k}= [ n \p k q n - k , • (C.34) 

w O 

since there are (£) ways to pick which k of the n triaJ^are successes, and the 
probability that each occurs is p k q"~ k . A probability distribution satisfying equa- 
tion (C.34) is said to be a binomial distribution. For convenience, we define the 
family of binomial distributions using the notation 

b(k;n,p)=r\p k (l- P y- k . (C.35) 

Figure C.2 illustrates a binomial distribution. The name "binomial" comes from the 
right-hand side of equation (C.34) being the kth term of the expansion of (p + q) n . 
Consequently, since p + q = 1 , 
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Figure C.2 The binomial distribution b(k\ 15. 1/3) resulting from = 15 Bernoulli trials, each 
with probability p = 1/3 of suci(es>. The expectation of the distribution isnp = 5. 

^b(k;n,p) = 1 , \ (C.36) 

as axiom 2 of the probability axioms retires. 

We can compute the expectation of a (random variable having a binomial distri- 
bution from equations (C.8) and (C.36). be a random variable that follows 
the binomial distribution b(k;n,p), and let 1 — p. By the definition of expec- 



tation, we have 

n 

E[X] = ^fc-Pr{X = k} 



<6 



O 



k=0 



k ■ b(k;n, p) 

k=0 
n 



fe=i 



= '^1] 

k=l 
n-l 

= npJ2 



k=0 



'n-l 

<n-l" 

. k 



p k-\ q n-k 



p k q (n-l)-k 



(by equation (C.8)) 
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np ^ b{k\ n — 1, p) 



k=0 



^ = np (by equation (C.36)) . (C.37) 

> using the linearity of expectation, we can obtain the same result with sub- 
stam&lly less algebra. Let X t be the random variable describing the number of 
succe^Sfes in the zth trial. Then E [X t ] = p ■ 1 + q ■ 0 = p, and by linearity of 
expectatffon (equation (C.21)), the expected number of successes for n trials is 



E[X] = \g 



n 
i=\ 

np . 



6 



6 



(C.38) 



We can use the same approach^ to calculate the variance of the distribution. Using 
equation (C.27), we have Var [X}^ E [Xf] — E 2 [X,]. Since X t only takes on the 
values 0 and 1, we have Xf = X t , w^ji^h implies E [Xf] = E [X,] = p. Hence, 

Var [Xt] = p - p 2 = p{\ - p) = P<lO (C.39) 

take-atlyantage of the independence of the n 

<6 



To compute the variance of X, we 
trials; thus, by equation (C.29), 



Var [X] 



Var 



/=i 
£Var[X, 

! = 1 

n 



o 



6 



i = l 

npq 



(C.40) 



As Figure C.2 shows, the binomial distribution b{k;n, p) increases with k until 
it reaches the mean np, and then it decreases. We can prove that the distribution 
always behaves in this manner by looking at the ratio of successive terms: 
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b(k-n,p) { n k )p k q n - k 
b(k — l;n,p) { k 1^)p k ~ l q n ~ k+l 



X 



n\(k- \)\{n-k + l)\p_ 

(C41) 



k\(n-k)\n\q 
(n-k + \)p 



kq 

Q = i + ( w + l)p-k 
kq 

This ratio is^gfeater than 1 precisely when (n + l)p — k is positive. Conse- 
quently, b(k;n*y) > b(k — l;n, p) for k < (n + Y)p (the distribution increases), 
and b(k;n,p) <\$k — \\n,p) for k > (n + \)p (the distribution decreases). 
If k = (n + Y)p is anWeger, then b(k;n, p) = b(k — l;n, /?), and so the distri- 
bution then has two maxima: at k = (n + \)p and at k— 1 = (« + 1) /?— 1 = np — q. 
Otherwise, it attains a maximum at the unique integer k that lies in the range 
np — q < k < (n + 1) p. 

The following lemma proves an upper bound on the binomial distribution. 

Lemma C.l 

Let n > 0, let 0 < p < 1, let q =*1 ^j), and let 0 < k < «. Then 
Proof Using equation (C.6), we have * 

*0 



b(k;n,p) = \' \p k q n ~ k O 



< 



Exercises 



C.4-i 

Verify axiom 2 of the probability axioms for the geometric distribution. 
C.4-2 

How many times on average must we flip 6 fair coins before we obtain 3 heads 
and 3 tails? 
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C.4-3 

Show that b(k; n, p) = b(n — k;n,q), where q = 1 — p. 

jw that value of the maximum of the binomial distribution b (k ;n, p) is approx 
H^ly 1 / y/2nnpq, where q = 1 — p. 

C.4-®* 

Show tK^the probability of no successes in n Bernoulli trials, each with probability 
p = l/rt(^ approximately 1/e. Show that the probability of exactly one success 
is also apprs^mately 1/e. 

C.4-6 ★ 

Professor Rosencraii^z flips a fair coin n times, and so does Professor Guildenstem. 
Show that the probability that they get the same number of heads is ( 2 „")/4". {Hint: 
For Professor Rosenoraj^z, call a head a success; for Professor Guildenstem, call 
a tail a success.) Use youpargument to verify the identity 

2n 



k=0 



'•6 

C.4-7 * ^> 

Show that for 0 < k < n, ^ q 

b(k;n, 1/2) <2 nHik/n) -" , Q 

where H(x) is the entropy function (C.7). 

C.4-8 * O 

Consider n Bernoulli trials, where for i = l,2,d. ,n, the zth trial has probabil- 
ity Pi of success, and let X be the random variable denoting the total number of 
successes. Let p > p t for all i = 1,2, ... ,n. Prove tI(attfor 1 < k < n, 

o 

Pr{Z <k}>J2 h d;n,p) . V 



/=o 



C.4-9 * 

Let X be the random variable for the total number of successes in a set A of n 
Bernoulli trials, where the zth trial has a probability p, of success, and let X' 
be the random variable for the total number of successes in a second set A' of n 
Bernoulli trials, where the zth trial has a probability p- > p t of success. Prove that 
for 0 < k < n, 
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^ Pr{X' >k}> Pr{X > k} . 

* 4 ^int: Show how to obtain the Bernoulli trials in A' by an experiment involving 
'trials of A, and use the result of Exercise C.3-7.) 




★ C.5 The tails ®the binomial distribution 

% 

The probability of having at least, or at most, k successes in n Bernoulli trials, 
each with profefability p of success, is often of more interest than the probability of 
having exactly ^successes. In this section, we investigate the tails of the binomial 
distribution: the S^e regions of the distribution b(k;n,p) that are far from the 
mean np. We shall $rove several important bounds on (the sum of all terms in) a 
tail. 

We first provide a bou^&on the right tail of the distribution b(k\ n, p). We can 
determine bounds on the lqfttail by inverting the roles of successes and failures. 

Theorem C.2 ft\ 

Consider a sequence of n Bernoulli trials, where success occurs with probability p. 
Let X be the random variable denoting the total number of successes. Then for 
0 < k < n, the probability of at leasr^JSccesses is 

Vx{X>k) = J2 b (r,n,p) 0 Q 

Proof For 5* C {1,2, ... ,«}, we let As denote the* eyent that the zth trial is a 
success for every i € S. Clearly Prj^^} = p k if \S\ =\k^We have 

Vr{X>k} = Pr {there exists S c {1,2 n} : \S\ =v^nd A s } 

= Prj U M 

(sc{i,2,...,n}:|5|=fe ) 
< Pr Ms} (by inequality (C. 19)) 

SC{1,2 n}:\S\=k 



< 
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The following corollary restates the theorem for the left tail of the binomial 
distribution. In general, we shall leave it to you to adapt the proofs from one tail to 
\§\ the other. 

A^qrollary C.3 

Cqpwder a sequence of n Bernoulli trials, where success occurs with probabil- 
ity ]vH X is the random variable denoting the total number of successes, then for 
0 < ^"^J> tne probability of at most k successes is 



L^* 2^°' n 'P) 




n \- n-k 



Our next bound concerns thevleft tail of the binomial distribution. Its corollary 
shows that, far from the meanVtne left tail diminishes exponentially. 

Theorem C.4 \ 

Consider a sequence of n Bernoulli Mais, where success occurs with probability p 
and failure with probability q = 1 — pQet X be the random variable denoting the 
total number of successes. Then for 0 np, the probability of fewer than k 

successes is ^\ 
k-i >c<J 
Pr{X<k} = J2b(i;n,p) Q> 

i=0 

< J^—b(k;n,p). * 
np — k Q> 

Proof We bound the series X]/=o ^0 > n > P) by a geometi^series using the tech- 
nique from Section A.2, page 1151. For i = 1,2, ... ,1c, we have from equa- 
tion (C.41), 

b(i — \;n,p) iq 
b(i;n,p) (n — i + \)p 

iq 



< 



(n - i )p 

kq 
(n — k)p 
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If we let 

kq 

r 4 " 



(n-k)p 
kq 



(n - np)p 

np y>' 

it follows that v 

for 0 < i < k. Iteratively^a^plying this inequality k — i times, we obtain 
b(i;n, p) < x k ~' b(k;n, p) 
for 0 < i < k, and hence 



k-1 k-1 



i=0 i=0 




^&(z';«, p) < ^2x k 'b(k;n,p y 

b(k-n,p)J2x i v9* 



= -^b(k-n,p) 

1 -x U y 

= -b(k;n,p). K ■ 

np — k • 

\ 

Corollary C.5 *0> 

Consider a sequence of « Bernoulli trials, where success occurs with probability p 
and failure with probability q = 1 — p. Then for 0 < k < np/2, the probability of 
fewer than k successes is less than one half of the probability of fewer than k + 1 
successes. 

Proof Because k < np/2, we have 
£4 < (np/2)q 



np — k np — (np/2) 
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(np/2)q 
np/2 

vsince q < 1. Letting X be the random variable denoting the number of successes, 
Tfleofem C.4 and inequality (C.42) imply that the probability of fewer than k suc- 
cesses is 

PrLY £h= ^b(i;n,p) < b(k;n,p) . 
\s j=o 

Thus we haW > 

Pr{X<kp^ T,iZlb(i;n,p) 

Pv{X<k + l} p =0 b(i;n,p) 

Y!i=ab(i;n,p) 
Z$-ob(i;n, P) + b(k;n,p) 

< 

sinceJ^Zobii',!!, p) < b(k;(^)p). m 
Bounds on the right tail follow wffnilarly. Exercise C.5-2 asks you to prove them. 

v 

Corollary C.6 N 

Consider a sequence of n Bernoulli triarsy-where success occurs with probability p. 
Let X be the random variable denoting^fi&Jotal number of successes. Then for 
np < k < n, the probability of more than #4>u^cesses is 



Pr{X > k} = b{i\n,p) 



i=k+\ 



(n-k)p 

< b(k;n,p). C\ 

k — np 



Corollary C.7 

Consider a sequence of n Bernoulli trials, where success occurs with probability p 
and failure with probability q = 1 — p. Then for (np + n)/2 < k < n, the 
probability of more than k successes is less than one half of the probability of 
more than k — 1 successes. ■ 



The next theorem considers n Bernoulli trials, each with a probability p t of 
success, for i = 1, 2, .... n. As the subsequent corollary shows, we can use the 
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theorem to provide a bound on the right tail of the binomial distribution by setting 
Pi = p for each trial. 

ffworem C.8 

Colder a sequence of n Bernoulli trials, where in the ith trial, for i = 1,2, ... ,n, 
success: occurs with probability p t and failure occurs with probability q, = 1 — 
Let the random variable describing the total number of successes, and let 
H = E [^kThen for r > fi, 

Pr{X-^<(^) r . 



Proof Since fofanv a > 0, the function e ax is strictly increasing in x, 

Pr{X - \i > r} ^T&fix-rt > e ar ) , (C.43) 

where we will determio^a later. Using Markov's inequality (C.30), we obtain 

Pr { e a{ ^-^ > e ar } < E e~ ar . (C.44) 

The bulk of the proof coifsi^s of bounding E [e"^ - ^] and substituting a suit- 
able value for a in inequality* (£n44). First, we evaluate E Using the 
technique of indicator randonrvariables (see Section 5.2), let X, = I {the 2 th 
Bernoulli trial is a success} for i* ^\,2, that is, X t is the random vari- 
able that is 1 if the 2 th Bernoulli triai-is a>success and 0 if it is a failure. Thus, 



1 = 1 



and by linearity of expectation, 



i=i 



fi = E [X] = E 
which implies 

17 

X - ii = £(X, - pi) . 



i=i 



i=i 



1 = 1 



To evaluate E [e a(z we substitute for X — \i, obtaining 



B[. 



] = E[. 



= E 



n 

.1=1 



= ]E[e« x >- pi) ] , 
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which follows from (C.24), since the mutual independence of the random vari- 
ables Xj implies the mutual independence of the random variables e a ^ Xi ~ Pi ' (see 
Exercise C.3-5). By the definition of expectation, 

Ok^i-p/)] = e a{1 - pi) pi +e a( °- pi) qi 

\j = pi e^+q ie - ap ' 

*0 < Pie a + l (C.45) 

(S) < exp( Pi e a ), 

where denotes the exponential function: exp(x) = e x . (Inequality (C.45) 

follows fromahe inequalities a > 0, q t < 1, e aQi < e a , and e~ ap ' < 1, and the last 
line follows from^nequality (3.12).) Consequently, 

< Y\™j&i& a ) 

' = 1 Crv 

\i=i I 

= esp(jie a ), (C.46) 

since \i = YH=iPi- Therefore, fro© equation (C.43) and inequalities (C.44) 
and (C.46), it follows that 

Pr{X-/x > r} < exp(fie a - ar) . (Q47) 

Choosing a = ln(r///.) (see Exercise C.5-7), w Qbta in 

Pr {X - p > r} < exp(/xe ln(r/ ^ - r ln(r//x)) % 

= exp(r - r ln(r/») Q 

= — Oa 



When applied to Bernoulli trials in which each trial has the same probability of 
success, Theorem C.8 yields the following corollary bounding the right tail of a 
binomial distribution. 
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Corollary C.9 

Consider a sequence of n Bernoulli trials, where in each trial success occurs with 
•probability p and failure occurs with probability q = 1 — p. Then for r > np, 

o 

Pr ^T np>r} = ^2 b(k;n,p) 

<<\) k={np + r] 

0 < ( n -21\ 

0 ~ V r ) ■ 

Proof By equation (C.37), we have fi = E [X] = np. m 

v> 

Exercises <C\ 
C.5-7 * ^ v» 

Which is less likely: sbteining no heads when you flip a fair coin n times, or 
obtaining fewer than n head? when you flip the coin An times? 

C.5-2 * 

Prove Corollaries C.6 and C.7. 

C.5-3 * * \A 

Show that \^ 

£ < ( a + D- » %■*/<* + 1» 

for all a > 0 and all /: such that 0 < < nafia^- 1). 

C.5-4 * CX. 

Prove that if 0 < k < np, where 0 < p < 1 and g ^ 1 — p, then 

£^<^r©*(^r- '° 0 

C.5-5 * 

Show that the conditions of Theorem C.8 imply that 
Pr{/x-X >>}<• 



Similarly, show that the conditions of Corollary C.9 imply that 



/nqey 
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C.5-6 * 

, Consider a sequence of n Bernoulli trials, where in the ith trial, for i = 1,2, ... ,n, 
\§\ success occurs with probability p t and failure occurs with probability q, = 1 — p t . 
V'pet X be the random variable describing the total number of successes, and let 
E [X]. Show that for r > 0, 



Pr^ 



/x > r} < e- r2/2n . 



(Hint: Ir^ve that pje aqi + <fre api < e ff /2 . Then follow the outline of the proof 



of Theorarfi)C.8, using this inequality in place of inequality (C.45).) 



C.5-7 * 



Show that choosing a = ln(r//x) minimizes the right-hand side of inequal- 
ity (C.47). ^ 

^ 

Problems r> 

C-i Ba/fe and fo'ns QO 

In this problem, we investigate Ijie effect of various assumptions on the number of 
ways of placing n balls into b disttfifot bins. 

a. Suppose that the n balls are distfhcLand that their order within a bin does not 
matter. Argue that the number of wa^pf placing the balls in the bins is b". 

b. Suppose that the balls are distinct and^orrat the balls in each bin are ordered. 
Prove that there are exactly (b + n — l)ty%h)— 1)' ways to place the balls in the 
bins. (Hint: Consider the number of ways oiQtanging n distinct balls and b — 1 
indistinguishable sticks in a row.) 

• 

c. Suppose that the balls are identical, and hence thei^Tyder within a bin does not 
matter. Show that the number of ways of placing the b^ls in the bins is ( b+ "~ 1 )- 
(Hint: Of the arrangements in part (b), how many arey^neated if the balls are 
made identical?) < 

d. Suppose that the balls are identical and that no bin may contain more than one 
ball, so that n < b. Show that the number of ways of placing the balls is 

e. Suppose that the balls are identical and that no bin may be left empty. Assuming 
that n > b, show that the number of ways of placing the balls is (" b Z\)- 
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Appendix.notes 

^< 

ITjk first general methods for solving probability problems were discussed in a 
fai^jsiuj^ correspondence between B. Pascal and P. de Fermat, which began in 1654, 
and y0l book by C. Huygens in 1657. Rigorous probability theory began with the 
work o^> Bernoulli in 1713 and A. De Moivre in 1730. Further developments of 
the theory^yere provided by P.-S. Laplace, S.-D. Poisson, and C. F. Gauss. 

Sums of^aSdom variables were originally studied by P. L. Chebyshev and A. A. 
Markov. A. r^Kblmogorov axiomatized probability theory in 1933. Chernoff [66] 
and Hoeffding £K3] provided bounds on the tails of distributions. Seminal work 
in random combKptorial structures was done by P. Erdos. 

Knuth [209] anaLtU [237] are good references for elementary combinatorics 
and counting. Standard textbooks such as Billingsley [46], Chung [67], Drake [95], 
Feller [104], and Rozanov^300] offer comprehensive introductions to probability. 

% 




Matrices arise inrsumerous applications, including, but by no means limited to, 
scientific computing^ If you have seen matrices before, much of the material in this 
appendix will be familjar to you, but some of it might be new. Section D.l covers 
basic matrix definitions and operations, and Section D.2 presents some basic matrix 
properties. >■ > 

XL 

ts> 



D.l Matrices and matrix operations 



In this section, we review some baSic^oncepts of matrix theory and some funda- 
mental properties of matrices. ^ q 

\ 

A matrix is a rectangular array of numbers.xf© example, 

) °* 



Matrices and vectors 



(a n a 
a 2 i a 



12 a 13 
22 a 23 



- 0 -) * Q 

is a 2 x 3 matrix A = (ay), where for i = 1,2 and j =*^i, 2, 3, we denote the 
element of the matrix in row i and column j by ay. We use uppercase letters 
to denote matrices and corresponding subscripted lowercase letters to denote their 
elements. We denote the set of all m x n matrices with real-valued entries by R mx " 
and, in general, the set of m x n matrices with entries drawn from a set S by S mxn . 

The transpose of a matrix A is the matrix A r obtained by exchanging the rows 
and columns of A. For the matrix A of equation (D.l), 
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1 4 

A T = I 2 5 



6 

vector is a one-dimensional array of numbers. For example, 




is a vectdtrjf size 3. We sometimes call a vector of length n an n-vector. We 
use lowercase letters to denote vectors, and we denote the z'th element of a size-zi 
vector x by x% for z = 1,2, ... ,n. We take the standard form of a vector to be 
as a column vectfk equivalent to an n x 1 matrix; the corresponding row vector is 
obtained by takingV^e transpose: 



= (2 3 5). 



The Mmf vector e t is the^ector whose z'th element is 1 and all of whose other 
elements are 0. Usually, the^size of a unit vector is clear from the context. 

A zero matrix is a matm^l of whose entries are 0. Such a matrix is often 
denoted 0, since the ambiguity between the number 0 and a matrix of 0s is usually 
easily resolved from context. Ir'a matrix of 0s is intended, then the size of the 
matrix also needs to be derived frflm the context. 

\ 

Square n x n matrices arise frequently. S(e^eral special cases of square matrices 
are of particular interest: 

1 . A diagonal matrix has ay = 0 whenever r<^k)j ■ Because all of the off-diagonal 
elements are zero, we can specify the matrix © listing the elements along the 



Square matrices 



diagonal: 



diag(an,a 22 ,...,a„„) 



0 



0 

a 22 



0 0 




The n x n identity matrix I n is a diagonal matrix with Is along the diagonal: 
/„ = diag(l, 1 1) 



0 
1 



0 
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When / appears without a subscript, we derive its size from the context. The i th 
column of an identity matrix is the unit vector e, . 

A tridiagonal matrix T is one for which t u = 0 if \i — j\ > 1. Nonzero entries 
\s appear only on the main diagonal, immediately above the main diagonal (Z, i+1 
i = 1, 2, . . . , n — 1), or immediately below the main diagonal (ft+ij for 
l,2,...,n- 1): 



0 



0 



u 



12 0 0 

h2 hi 0 

\^ hi hi hA 

0 0 0 

o (r p o 



M ll M 12 
0 M 22 

0 0 



0 
0 
0 



0 
0 
0 



0 \ 

0 \ 



tn-2,n-2 tn-2,n-l 
tn — \,n—2 tn — \,n — \ 

0 ^n,n-l t 



I 

nn I 



4. An upper-triangular Tfthtrix U is one for which My = 0 if / > j. All entries 
below the diagonal are iero: 

An upper-triangular matrix is unit upp^p-^iangular if it has all Is along the 
diagonal. <"0 

5. A lower-triangular matrix L is one for wnieiW,y = 0 if i < j . All entries 
above the diagonal are zero: C 



L 



In 0 

^21 ^22 
^«2 



0 \ 

0 



*nn J 



A lower-triangular matrix is unit lower-triangular if it has all Is along the 
diagonal. 
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6. A permutation matrix P has exactly one 1 in each row or column, and Os 
elsewhere. An example of a permutation matrix is 

/0 1 0 0 0 

% 



0 0 0 1 0 

1 0 0 0 0 
0 0 0 0 1 

0 0 



<s>° 0 1 

Such a njaVix is called a permutation matrix because multiplying a vector x 
by a perm\<fation matrix has the effect of permuting (rearranging) the elements 
of x. Exerci^D. 1-4 explores additional properties of permutation matrices. 

7. A symmetric m^^c A satisfies the condition A = A T . For example, 




Basic matrix operations 

The elements of a matrix or vector are ^Himbers from a number system, such as 
the real numbers, the complex numbers, Nro-integers modulo a prime. The number 
system defines how to add and multiply nwrmers. We can extend these definitions 
to encompass addition and multiplication of majoces. 

We define matrix addition as follows. If A^fjctij) and B = (bjj) are m x n 
matrices, then their matrix sum C = (cy ) = A the m x n matrix defined by 

for i = 1,2, ... ,m and j = 1,2, ... ,«. That is, ma(rr\ addition is performed 
componentwise. A zero matrix is the identity for matrix a ion: 

A + 0 = A = 0 + A . 

If A is a number and A = is a matrix, then XA = (Xajj) is the scalar 
multiple of A obtained by multiplying each of its elements by A. As a special case, 
we define the negative of a matrix A = (ay) to be — 1 • A = — A, so that the ij th 
entiy of —A is —ay. Thus, 



A + (-A) = 0 = (-A) + A 
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We use the negative of a matrix to define matrix subtraction: A — B = A + (-B). 
We define matrix multiplication as follows. We start with two matrices A and B 
\§\ that are compatible in the sense that the number of columns of A equals the number 
v"af rows of B. (In general, an expression containing a matrix product AB is always 
assumed to imply that matrices A and B are compatible.) If A = (atk) is an m x n 
matrac and B = (bkj) is an n x p matrix, then their matrix product C = AB is the 
m x*^matrix C = (c, ; ), where 

Cij = ^tffcbkj (D.l) 
k=i y>' 

for / = l,2f^>. ,m and j = 1,2 ,p. The procedure Square-Matrix - 

Multiply in S^tion 4.2 implements matrix multiplication in the straightfor- 
ward manner basqffcon equation (D.2), assuming that the matrices are square: 
m = n = p. To muAiply n x n matrices, Square-Matrix-Multiply per- 
forms ft 3 multiplicatiorriand n 2 (n — 1) additions, and so its running time is 0(« 3 ). 

Matrices have many (bfl^not all) of the algebraic properties typical of numbers. 
Identity matrices are idenut^ for matrix multiplication: 

I m A = AI n = A 0 

for any m x n matrix A. Multiply^ by a zero matrix gives a zero matrix: 
AO = 0 . 

Matrix multiplication is associative: 
A(BC) = (AB)C 

for compatible matrices A, B, and C. Matrix n^njtiplication distributes over addi- 
tion: ^\ 

A(B + C) = AB + AC , • 
(B + C)D = BD + CD . O 

For n > 1, multiplication of n x n matrices is not commruktive. For example, if 

A ={o o) andB = {i o} then 



AB 
and 

Sv4 



(ID 

(S!)- 
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We define matrix-vector products or vector- vector products as if the vector were 
• the equivalent n x 1 matrix (or a 1 x n matrix, in the case of a row vector). Thus, 
A is an m x n matrix and x is an «-vector, then Ax is an ra-vector. If x and y 
•afan -vectors, then 

x '■ y^>jLj x iyi 

is a num actually a 1 x 1 matrix) called the inner product of x and y. The ma- 
trix xy T is tyh xn matrix Z called the outer product of x and y, with zy = x,jy. 
The (euclideOn^ norm \\x\\ of an « -vector x is defined by 

= (x T x) 1/y ,A 
Thus, the norm of x isNJs length in n -dimensional euclidean space. 

V 

Exercises \^ 
D.l-1 0 

Show that if A and B are symmetric n x n matrices, then so are A + B and ^4 — B. 
D.l-2 sy* 

Prove that (AB) T = B T A T and that AVp^ always a symmetric matrix. 
D.l-3 & 

Prove that the product of two lower-triangulaQmatrices is lower-triangular. 
D.l-4 Q 

Prove that if P is an « x n permutation matrix ancL&us an n x n matrix, then the 
matrix product PA is A with its rows permuted, and the matrix product AP is A 
with its columns permuted. Prove that the product of twe.permutation matrices is 
a permutation matrix. ^ q 

^ 

D.2 Basic matrix properties 



In this section, we define some basic properties pertaining to matrices: inverses, 
lineal - dependence and independence, rank, and determinants. We also define the 
class of positive-definite matrices. 
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Matrix inverses, ranks, and determinants 

We define the inverse of an n x n matrix A to be the n xn matrix, denoted A~ l (if 
\M exists), such that AA~ l = I„ = A" 1 A. For example, 




(i -0 



zero n x n matrices do not have inverses. A matrix without an inverse is 
vertible, or singular. An example of a nonzero singular matrix is 



If a matrix has aW uwerse, it is called invertible, or nonsingular. Matrix inverses, 
when they exist, are unique. (See Exercise D.2-1.) If A and B are nonsingular 
n x n matrices, then \ 

(BA)~ l = A~ l B~ l . (\ 

The inverse operation comi^ujtes with the transpose operation: 
(A^f = (A^)-\ . 

The vectors x 1 , x 2 . . . ■ , x n are*4tnearly dependent if there exist coefficients 
C\, c 2 , . . . , c n , not all of which are z"&ro. such that C\%i + c 2 x 2 + ■ ■ ■ + c n x„ = 0. 
The row vectors x Y = ( 1 2 3 ), (2 6 4 ), and x 3 = (4 11 9) are 
linearly dependent, for example, since + 3x 2 — 2x 3 = 0. If vectors are not 
linearly dependent, they are linearly indepk&dent. For example, the columns of an 
identity matrix are linearly independent. ■<"0 

The column rank of a nonzero m x n mat@ A is the size of the largest set 
of linearly independent columns of A. Similarlj^he row rank of A is the size 
of the largest set of linearly independent rows of 4- A fundamental property of 
any matrix A is that its row rank always equals its q^rumn rank, so that we can 
simply refer to the rank of A. The rank of anmxn matrl^ is an integer between 0 
and min(m, n), inclusive. (The rank of a zero matrix is 0,-^d the rank of an n x n 
identity matrix is n.) An alternate, but equivalent and often more useful, definition 
is that the rank of a nonzero m x n matrix A is the smallest number r such that 
there exist matrices B and C of respective sizes m x r and r x n such that 

A = BC . 

A square n x n matrix has full rank if its rank is n. An m x n matrix has full 
column rank if its rank is n. The following theorem gives a fundamental property 
of ranks. 
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Theorem D.l 

A square matrix has full rank if and only if it is nonsingular. ■ 

vAstiull vector for a matrix A is a nonzero vector x such that Ax = 0. The 
foliowihg theorem (whose proof is left as Exercise D.2-7) and its corollary relate 
the notions of column rank and singularity to null vectors. 

Theorem®.2 

A matrix A*nks full column rank if and only if it does not have a null vector. ■ 

\ 

Corollary D.3 

A square matrix A ls^ngular if and only if it has a null vector. ■ 

The ij th minor of an rfe /^matrix A, for n > 1 , is the (n— 1) x (n— 1) matrix A^ 
obtained by deleting the ittysbw and j th column of A. We define the determinant 
of an n x n matrix A recursively in terms of its minors by 

0 f , 

an it n = 1 , 

^(-l) 1+J a v det(/l [1 V>tB>l. 

O 

The term (— \) ,+J det(^4[, 7 j) is known as tbtQpfactor of the element a, 7 . 

The following theorems, whose proofs a^pmitted here, express fundamental 
properties of the determinant. 

Theorem D.4 (Determinant properties) 

The determinant of a square matrix A has the following properties: 

• If any row or any column of A is zero, then det(^4) =^TJ. 

• The determinant of A is multiplied by A if the entriesG)\any one row (or any 
one column) of A are all multiplied by A. V) 

• The determinant of A is unchanged if the entries in one row (respectively, col- 
umn) are added to those in another row (respectively, column). 

• The determinant of A equals the determinant of A T . 

• The determinant of A is multiplied by — 1 if any two rows (or any two columns) 
are exchanged. 

Also, for any square matrices A and B, we have det(^4S) = det(^4) det(S). ■ 



det(A) 
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Theorem D.5 

An n x n matrix A is singular if and only if det(^4) = 0. 
^Positive-definite matrices 



Po$if5jve-definite matrices play an important role in many applications. An n x n 
matnk^y4 is positive-definite if x 1 Ax > 0 for all n -vectors x ^ 0. For 
exampl^fhe identity matrix is positive-definite, since for any nonzero vector 

X = ( X ly^2 "' X„ ) , 



x l n x — 



X 

2 




> 0. V 

Matrices that aiise in^plications are often positive-definite due to the following 
theorem. >> 

Theorem D.6 v 

For any matrix ^4 with full column rank, the matrix A T A is positive-definite. 



-T 



Proof We must show that x (jkjL)x > 0 for any nonzero vector x. For any 
vector x, 

x T (A T A)x = {Axf(Ax) (by ExeQseD.1-2) 



|2 . tf, 



\Ax\\ 2 



Note that ||^4x|| is just the sum of the squ^j^of the elements of the vector Ax. 
Therefore, ||Ar|| 2 > 0. If ||^4x|| 2 = 0, every element of Ax is 0, which is to say 
Ax = 0. Since A has full column rank, Ax = u"ui?phes x = 0, by Theorem D.2. 
Hence, A T A is positive-definite. ^ ■ 

Section 28.3 explores other properties of positive-dCfihjte matrices. 

Exercises 
D.2-1 

Prove that matrix inverses are unique, that is, if B and C are inverses of A, then 
B = C. 

D.2-2 

Prove that the determinant of a lower-triangular or upper-triangular matrix is equal 
to the product of its diagonal elements. Prove that the inverse of a lower-triangular 
matrix, if it exists, is lower-triangular. 
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D.2-3 

. Prove that if P is a permutation matrix, then P is invertible, its inverse is P T , 
■^and P T is a permutation matrix. 

LetvJ^nd S be n x /j matrices such that AB — I . Prove that if A is obtained 
from adding row j into row i , then subtracting column i from column 7 of B 
yields rhe^nverse B' of A'. 

D.2-5 

Let t4 be a no^ingular « x n matrix with complex entries. Show that every entry 
of A~ x is real ift^M only if every entry of A is real. 

D.2-6 

Show that if A is a nbnsjngular, symmetric, « x n matrix, then A~ l is symmetric. 
Show that if B is an arbht^ry m x n matrix, then the m x m matrix given by the 
product BAB T is symmetric^ 

D.2-7 O 

Prove Theorem D.2. That is, sh^> that a matrix ^4 has full column rank if and only 
if Ax = 0 implies x = 0. (Hint: Express the linear dependence of one column on 
the others as a matrix-vector equatitfriS 

rank(^15) < min(rank(4),rank(S)) , \$ 

where equality holds if either A or B is a nonsmgular square matrix. (Hint: Use 
the alternate definition of the rank of a matrix.) 

<X 

Problems O 

D-i Vandermonde matrix 

Given numbers x 0 , Xi, . . . , x„_i, prove that the determinant of the Vandermonde 



D.2-8 

Prove that for any two compatible matri^e^d and B, 



matrix 



V(Xq, Xi, , X„_i) 



1 Xq Xq 

1 X\ x'y 
1 X„_i x n _j 




Problems for Appendix D 



1227 



IS 



r^det(K(x 0 ,x 1 ,...,x„_i)) = Y[ (Xk-xj). 

o<y<fc<«-i 

(gtfrnt: Multiply column i by — x 0 and add it to column i + 1 for i = n — 1, 
n Va . . . , 1, and then use induction.) 

\- 

D-2 Ffotynutations defined by matrix-vector multiplication over GF(2) 

One classr^f permutations of the integers in the set S„ = {0, 1, 2, . . . , 2" — 1} is 
defined by matrix multiplication over GF(2). For each integer x in S n , we view its 
binary representation as an « -bit vector 

/ * \ ^ 



x 2 



\ 

\x n -i I ^ 

where x = X^=o x i 2' • If ^4^s an n x n matrix in which each entry is either 0 
or 1, then we can define a permutation mapping each value x in S„ to the number 
whose binary representation is the~mp>rix-vector product Ax. Here, we perform 
all arithmetic over GF(2): all values^afe either 0 or 1, and with one exception the 
usual rules of addition and multiplicatren-apply. The exception is that 1 + 1 = 0. 
You can think of arithmetic over GF(2) &s>ofeing just like regular integer arithmetic, 
except that you use only the least significant) bjt. 
As an example, for S 2 = {0, 1, 2, 3}, the matrix 



A 



0 !) * 



defines the following permutation n A : n A (0) = 0,0.(1) = 3, n A (2) = 2, 
n A (3) = 1. To see why tt a (3) = 1, observe that, worJddgjln GF(2), 

*e> - (! ?)(0 



( 1 ■ 1 + 0- 1 \ 



which is the binary representation of 1 . 



Appendix D Matrices 



For the remainder of this problem, we work over GF{2), and all matrix and 
vector entries are 0 or 1. We define the rank of a 0-1 matrix (a matrix for which 
•^ach entry is either 0 or 1) over GF(2) the same as for a regular matrix, but with all 
•afnhmetic that determines linear independence performed over GF(2). We define 
th^ptn^e of an n x n 0-1 matrix A by 

R(A}^Sy : y = Ax for some x € S n } , 

so that R^j) is the set of numbers in S„ that we can produce by multiplying each 
value x in $njpy A. 

a. If r is the ^ink of matrix A, prove that |i?L4)| = 2 r . Conclude that A defines a 
permutation < ^^n 0IUV if A has full rank. 

For a given nxn (tfiatrix A and a given value y e R(A), we define the preimage 
of y by y>' 

P(A,y) = {x:Ax = y<£\ 

so that P(A, y) is the set of^a&es in S n that map to y when multiplied by A. 

b. If r is the rank of n x n matiSx 1 A and y e R(A), prove that \P(A, y)\ = 2 n ~ r . 

Let 0 < m < n, and suppose '^partition the set S n into blocks of consec- 
utive numbers, where the ;'th block >consists of the 2 m numbers i2 m ,i2 m + 1, 
i2 m + 2, . . . , (i + l)2 m - 1. For any ^)set S C 5„, define B(S, m) to be the 
set of size-2 m blocks of S„ containing son^element of S. As an example, when 
n = 3, m = 1, and 5 = {1, 4, 5}, then 5(5^) consists of blocks 0 (since 1 is in 
the 0th block) and 2 (since both 4 and 5 are ii^fcjck 2). 

c. Let r be the rank of the lower left (n — m) x^Wsubmatrix of A, that is, the 
matrix formed by taking the intersection of the- bottom n — m rows and the 
leftmost m columns of A. Let 5* be any size-2"* block of S„, and let S' = 
{ y : y = Ax for some x e 5"}. Prove that \B(S\J^= 2 r and that for each 
block in B(S' ,m), exactly 2 m ~ r numbers in S map to block. 



Because multiplying the zero vector by any matrix yields a zero vector, the set 
of permutations of S„ defined by multiplying by n x n 0-1 matrices with full rank 
over GF{2) cannot include all permutations of S„ . Let us extend the class of per- 
mutations defined by matrix-vector multiplication to include an additive term, so 
that x € S„ maps to Ax + c, where c is an «-bit vector and addition is performed 
over GF(2). For example, when 
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^> 

and 

'^■(?)- 

^)get the following permutation it^c- Xa,c(0) = 2, 7Ta,c(1) = 1> ^,c(2) = 0, 
7r^ra) = 3. We call any permutation that maps x e 5„ to ^4x + c, for some n x n 
0-1 rafflaix A with full rank and some n-bit vector c, a linear permutation. 

d. Use®* >unting argument to show that the number of linear permutations of S„ 
is much^e^s than the number of permutations of S„ . 

e. Give an ex^jjlple of a value of n and a permutation of S„ that cannot be achieved 
by any lineat^ermutation. (Hint: For a given permutation, think about how 
multiplying a mamx by a unit vector relates to the columns of the matrix.) 

% 

Appendix notes 

Linear-algebra textbooks pro^ie plenty of background information on matrices. 
The books by Strang [323, 324]^re ^particularly good. 
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This index uses tire following conventions. Numbers are alphabetized as if spelled 
out; for example, ^3-4 tree" is indexed as if it were "two-three-four tree." When 
an entry refers to a pla^e other than the main text, the page number is followed by 
a tag: ex. for exercise^ vxfor problem, fig. for figure, and n. for footnote. A tagged 



page number often indf 
necessarily the page on 



a(n),574 

(p (golden ratio), 59, 108 pr. . 
<p (conjugate of the golden ratio), 59 ^f) 
<p(n) (Euler's phi function), 943 
p(«)-approximation algorithm, 1106, 1123 
o-notation, 50-51, 64 
O-notation, 45 fig., 47^18, 64 
O'-notation, 62 pr. 
O-notation, 62 pr. 
&>-notation, 5 1 

^-notation, 45 fig., 48^19, 64 
oo 

Q -notation, 62 pr. 

-notation, 62 pr. 
^-notation, 44-47, 45 fig., 64 
©-notation, 62 pr. 
{}(set), 1158 
e (set member), 1 158 
$ (not a set member), 1158 
0 

(empty language), 1058 

(empty set), 1158 
C (subset), 1 159 
C (proper subset), 1159 
: (such that), 1159 
PI (set intersection), 1159 
U (set union), 1 159 



s the first page of an exercise or problem, which is not 
the reference actually appeal's. 

- (set difference), 1 159 




(flow value), 710 
(length of a string), 986 
(set cardinality), 1161 

(Cartesian product), 1162 
cross product), 1016 



ft), 546 
5ot), 546 



uence), 1166 

encoding), 1057 
(I) (chrfpfe), 1185 

(euchdean norm), 1222 
! (factorial}, 52. 
n (ceiling), i4]L 
L J (floor), 54 0 ; 
y (lower squar8 
y (upper square i 
£ (sum), 1 145 
II (product), 1 148 
— > (adjacency relation), 1 169 
~» (reachability relation), 1 170 
A (AND), 697, 1071 
- (NOT), 1071 
V(OR), 697, 1071 
ffi (group operator), 939 
(g) (convolution operator), 901 



Index 




(closure operator), 1058 
(divides relation), 927 
(does-not-divide relation), 927 

quivalent modulo n), 54, 1 165 ex. 
t „ ot equivalent modulo ri), 54 
[a]Q«qmvalence class modulo n), 928 
+„ (Jkdmtion modulo ri), 940 
• n (muMrtication modulo n), 940 
(|) (Legeiuto symbol), 982pr. 
e (empty stfi^jL 986, 1058 
C (prefix relaW), 986 
□ (suffix relatiorf09*86 
^ x (above relatiolTV4022 
// (comment symbol 2J 
S> (much-greater-tharkoEiatjon), 574 
-C (much-less-than relatim), 783 
£p (polynomial-time reducjJjJlrty relation), 



1067, 1077 ex. 



6 



6 



AA-tree, 338 
abelian group, 940 
Above, 1024 
above relation (>*), 1022 
absent child, 1178 
absolutely convergent series, 1146 
absorption laws for sets, 1 160 
abstract problem, 1054 
acceptable pair of integers, 972 
acceptance 

by an algorithm, 1058 

by a finite automaton, 996 
accepting state, 995 
accounting method, 456-459 

for binary counters, 458 

for dynamic tables, 465^166 

for stack operations, 457^1-58, 458 ex. 
Ackermann's function, 585 
activity-selection problem, 415^122, 450 
acyclic graph, 1170 

relation to matroids, 448 pr. 
add instruction, 23 
addition 

of binary integers, 22 ex. 

of matrices, 1220 

modulo n (+„), 940 

of polynomials, 898 
additive group modulo n , 940 
addressing, open, see open-address hash table 



ADD-SUBARRAY, 805 pr. 
adjacency-list representation, 590 
replaced by a hash table, 593 ex. 
adjacency-matrix representation, 591 
adjacency relation (->■), 1169 
adjacent vertices, 1 169 
admissible edge, 749 
admissible network, 749-750 
adversary, 190 
aggregate analysis, 452-456 
for binary counters, 454-455 
for breadth-first search, 597 
for depth-first search, 606 
for Dijkstra's algorithm, 661 
for disjoint-set data structures, 566-567, 

568 ex. 
for dynamic tables, 465 
for Fibonacci heaps, 518, 522 ex. 
for Graham's scan, 1036 
for the Knuth-Morris-Pratt algorithm, 1006 
for Prim's algorithm, 636 
for rod-cutting, 367 
for shortest paths in a dag, 655 
for stack operations, 452-454 
aggregate flow, 863 

Akra-Bazzi method for solving a recurrence, 
112-113 
;orithm, 5 
■'correctness of, 6 
^Qrfgin of word, 42 
«*ffiVig time of, 25 
as a technology, 1 3 
Alice, 959^ 
Allocate-Node,492 
Allocate-Object, 244 
allocation of ol^ecjts, 243-244 
all-pairs shortest oaths, 644, 684-707 
in dynamic graprs,-*ij[07 
in e-dense graphs, ^96 pr. 
Floyd- Warshall algorithm for, 693-697, 706 
Johnson's algorithm for, 700-706 
by matrix multiplication, 686-693, 706-707 
by repeated squaring, 689-691 
alphabet, 995, 1057 
a(n), 574 

amortized analysis, 45 1-478 
accounting method of, 456-459 
aggregate analysis, 367, 452-456 
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for bit-reversal permutation, 472 pr. 
for breadth-first search, 597 
•f C\ f° r depth-first search, 606 
s£ for Dijkstra's algorithm, 661 
<S for disjoint-set data structures, 566-567, 
C^) 5£8 ex., 572 ex., 575-581, 58 1-582 ex. 
fgrfjjynamic tables, 463-471 
for'Rbpnacci heaps, 509-512, 517-518, 
526^522, 522 ex. 



for theVgwieric push-relabel algorithm, 746 

for Grahxffifc scan, 1036 

for the Knudj^orris-Pratt algorithm, 1006 

for making blna^v search dynamic, 473 pr. 

potential methorfof.459^163 

for restructuring rej^black trees, 474 pr. 

for self-organizing l(sts with move-to- front, 
476 pr. N >' 

for shortest paths in a dag_^>5 

for stacks on secondary sWa^e, 502 pr. 

for weight-balanced trees, 4\^n, 
amortized cost 

in the accounting method, 456 (C\ 

in aggregate analysis, 452 

in the potential method, 459 
ancestor, 1 176 

least common, 584pr. 
AND function (a), 697, 1071 
AND gate, 1070 
and, in pseudocode, 22 
antiparallel edges, 71 1-712 
antisymmetric relation, 1164 
Any-Segments-Intersect, 1025 
approximation 

by least squares, 835-839 

of summation by integrals, 1 154— 1 156 
approximation algorithm, 10, 1105-1140 

for bin packing, 1 134pr. 

for MAX-CNF satisfiability, 1 127 ex. 

for maximum clique, 1 1 1 1 ex., 1 1 34 pr. 

for maximum matching, 1 135 pr. 

for maximum spanning tree, 1 1 37 pr. 

for maximum- weight cut, 1 127 ex. 

for MAX-3-CNF satisfiability, 1 123-1 124 
1139 

for minimum-weight vertex cover, 

1124-1127, 1139 
for parallel machine scheduling, 1 1 36 pr. 
randomized, 1 123 



for set cover, 1 1 17-1 122, 1 139 
for subset sum, 1 128-1 134, 1 139 
for traveling-salesman problem, 111 1-1 117, 
1139 

for vertex cover, 1 108-1 1 1 1, 1 139 
for weighted set cover, 1 1 35 pr. 
for 0-1 knapsack problem, 1137 pr., 1139 
approximation error, 836 
approximation ratio, 1106, 1123 
approximation scheme, 1 107 
Approx-Min-Weight-VC, 1126 
Approx-Subset-Sum, 1131 
Approx-TSP-Tour, 1112 
Approx- Vertex-Cover, 1109 
arbitrage, 679 pr. 
arc, see edge 

argument of a function, 1 166-1 167 
arithmetic instructions, 23 
arithmetic, modular, 54, 939-946 
arithmetic series, 1146 
arithmetic with infinities, 650 
arm, 485 
array, 21 

Monge, 1 10 pr. 
passing as a parameter, 21 
articulation point, 621 pr. 
assignment 
~ f>. multiple, 21 

satisfying, 1072, 1079 
tjVith, 1072, 1079 
^olSative laws for sets, 1160 
assoofirtjve operation, 939 
asympToJiCally larger, 52 
asymptotically nonnegative, 45 
asymptotiaally positive, 45 
asymptotical^sjiialler, 52 
asymptotically tight bound, 45 
asymptotic efficiSn^, 43 
asymptotic lower btjand, 48 
asymptotic notation, 43-53, 62 pr. 
and graph algorithms, 588 
and linearity of summations, 1 146 
asymptotic upper bound, 47 
attribute of an object, 21 
augmentation of a flow, 716 
augmenting data structures, 339-355 
augmenting path, 719-720, 763 pr. 
authentication, 284 pr., 960-961, 964 
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automaton 
finite, 995 
. r\ string-matching, 996-1002 
^-'aujdliary hash function, 272 

auxiliary linear program, 886 

avd^^e-jase running time, 28 

AVLxtWERT,333pr. 

AVL trl 



116 
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53 pr., 337 
axioms, rer^r^)bability 

babyface, 602<ejp 
back edge, 609, 6jV 
back substitution/81?>. 
Bad-Set-Cover-I^stance, 1122 ex 
Balance, 333 pr. u 
balanced search tree 

AA-trees, 338 y>* 

AVL trees, 333 pr., 337 \\ 

B-trees, 484-504 
-neighbor trees, 338 

red-black trees, 308-338 

scapegoat trees, 338 

splay trees, 338, 482 

treaps, 333 pr., 338 

2-3-4 trees, 489, 503 pr. 

2-3 trees, 337, 504 

weight-balanced trees, 338, 473 pr. 
balls and bins, 133-134, 1215 pr. 
base-a pseudoprime, 967 
base case, 65, 84 
base, inDNA, 391 
basic feasible solution, 866 
basic solution, 866 
basic variable, 855 
basis function, 835 
Bayes's theorem, 1 194 
Bellman-Ford, 65 1 
Bellman-Ford algorithm, 651-655, 682 

for all-pairs shortest paths, 684 

in Johnson's algorithm, 702-704 

and objective functions, 670 ex. 

to solve systems of difference constraints 
668 

Yen's improvement to, 678 pr. 
Below, 1024 
Bernoulli trial, 1201 

and balls and bins, 133-134 

and streaks, 135-139 



best-case running time, 29 ex., 49 
BFS,595 

Biased-Random, 117 ex. 
biconnected component, 62 1 pr. 
big-oh notation, 45 fig., 47^8, 64 
big-omega notation, 45 fig., 48^-9, 64 
bijective function, 1167 
binary character code, 428 
binary counter 

analyzed by accounting method, 458 
analyzed by aggregate analysis, 454—455 
analyzed by potential method, 461-462 
bit-reversed, 472 pr. 
binary entropy function, 1187 
binary gcd algorithm, 981 pr. 
binary heap, see heap 
binary relation, 1163 
binary search, 39 ex. 

with fast insertion, 473 pr. 
in insertion sort, 39 ex. 
in multithreaded merging, 799-800 
in searching B-trees, 499 ex. 
Binary-Search, 799 
binary search tree, 286-307 
AA-trees, 338 
AVL trees, 333 pr., 337 
deletion from, 295-298, 299 ex. 
with equal keys, 303 pr. 



O^insertion into, 294-295 
'VQ-iieighbor trees, 338 
oifehrium key of, 291 
miniffiup key of, 291 
optinral^97^04, 413 
predecessor in, 291-292 
querying, 189-294 
randomly bu(lp)299-303, 304 pr. 
right-convertinafOf, 3 14 ex. 
scapegoat trees, :S38\ 
searching, 289-29t^ 
for sorting, 299 ex. 
splay trees, 338 
successor in, 291-292 
and treaps, 333 pr. 
weight-balanced trees, 338 
see also red-black tree 
binary-search-tree property, 287 
in treaps, 333 pr. 
vs. min-heap property, 289 ex. 
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binary tree, 1 177 
full, 1 178 

, C\ number of different ones, 306 pr. 

representation of, 246 
^ superimposed upon a bit vector, 533-534 
Q&ealso binary search tree 
binerfmal coefficient, 1 186-1 187 
binomwKdistribution, 1203-1206 

and t>alls.and bins, 133 

maxirrKyM yalue of, 1207 ex. 

tails of, 1<2Q^-1215 
binomial expanpkm, 1186 
binomial heap, :5Z?or. 
binomial tree, 527\pr._ 
bin packing, 1 1 34 pK) v 
bipartite graph, 1 172 

corresponding flow ne^wkrk of, 732 

d -regular, 736 ex. /\ 

and hypergraphs, 1 173 exS > 
bipartite matching, 530, 732-7^747 ex., 766 

Hopcroft-Karp algorithm for, "^63pr. 
birthday paradox, 130-133, 142ex. (C\ 
bisection of a tree, 1181 pr. 
bitonic euclidean traveling-salesman pfbblgAi, 

405 pr. O 
bitonic sequence, 682 pr. 
bitonic tour, 405 pr. 
bit operation, 927 

in Euclid's algorithm, 981 pr. 
bit-reversal permutation, 472pr., 918 
Bit-Reverse-Copy, 918 
bit-reversed binary counter, 472 pr. 
Bit-Re versed-Increment, 472 pr. 
bit vector, 255 ex., 532-536 
black-height, 309 
black vertex, 594, 603 
blocking flow, 765 
block structure in pseudocode, 20 
Bob, 959 

Boole's inequality, 1195 ex. 
boolean combinational circuit, 1071 
boolean combinational element, 1070 
boolean connective, 1079 
boolean formula, 1049, 1066 ex., 1079 

1086 ex. 
boolean function, 11 87 ex. 
boolean matrix multiplication, 832 ex. 
Boruvka's algorithm, 641 



bottleneck spanning tree, 640 pr. 
bottleneck traveling-salesman problem, 

11 17 ex. 
bottom of a stack, 233 
Bottom-Up-Cut-Rod, 366 
bottom-up method, for dynamic programming, 

365 
bound 

asymptotically tight, 45 
asymptotic lower, 48 
asymptotic upper, 47 
on binomial coefficients, 1 186-1187 
on binomial distributions, 1206 
polylogarithmic, 57 
on the tails of a binomial distribution, 

1208-1215 
see also lower bounds 
boundary condition, in a recurrence, 67, 84 
boundary of a polygon, 1020 ex. 
bounding a summation, 1 149-1 156 
box, nesting, 678 pr. 
B+-tree, 488 

branching factor, in B -trees, 487 
branch instructions, 23 
breadth-first search, 594-602, 623 
in maximum flow, 727-730, 766 
Q and shortest paths, 597-600, 644 

similarity to Dijkstra's algorithm, 662, 
663 ex. 

tbSc-jdth-first tree, 594, 600 
bri@;, 621 pr. 
B*-t»ge\489n. 
B-treSTW-504 

compared with red-black trees, 484, 490 
creating* 492 
deletion fr^. 499-502 
full node in, 
height of, 483 
insertion into, 49^497 
minimum degree of, 489 
minimum key of, 497 ex. 
properties of, 488^191 
searching, 491^192 
splitting a node in, 493^-95 
2-3-4 trees, 489 
B-TREE-CREATE,492 
B-TREE-DELETE,499 
B-TREE-lNSERT,495 
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B-Tree-Insert-Nonfull,496 
B-TREE-SEARCH,492, 499 ex. 

. rB ) -TREE-SPLIT-CHILD,494 

VBJikBLESORT, 40 pr. 

%ket, 200 
bu<S^$) sort, 200-204 
BUCI4^-SORT,201 
BUILD*^X-HEAP, 157 
Build-Max^Heap', 167 pr. 
Build-Mii^Heap, 159 
butterfly opefSupn, 915 
by, in pseudocode^2*l 

cache, 24, 449 pr. <S 
cache hit, 449 pr. ^ y 
cache miss, 449 pr. Y^ 
cache obliviousness, 504 ^> 



caching, off-line, 449 pr. 
call > > 

in a multithreaded computation^^ 
of a subroutine, 23, 25 n. 
by value, 2 1 
call edge, 778 
cancellation lemma, 907 
cancellation of flow, 717 
canonical form for task scheduling, 444 
capacity 
of a cut, 721 
of an edge, 709 
residual, 716, 719 
of a vertex, 7 14 ex. 
capacity constraint, 709-710 
cardinality of a set (| |), 1 161 
Carmichael number, 968, 975 ex. 
Cartesian product (x), 1162 
Cartesian sum, 906 ex. 
cascading cut, 520 
Cascading-Cut, 519 
Catalan numbers, 306 pr., 372 
ceiling function ( [~ ]), 54 

in master theorem, 103-106 
ceiling instruction, 23 
certain event, 1 190 
certificate 

in a cryptosystem, 964 
for verification algorithms, 1063 
chained-hash-delete, 258 
Chained-Hash-Insert, 258 
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Y 



Chained-Hash-Search,258 
chaining, 257-260, 283 pr. 
chain of a convex hull, 1038 
changing a key, in a Fibonacci heap, 529 pr. 
changing variables, in the substitution method, 

86-87 
character code, 428 
chess-playing program, 790-791 
child 

in a binary tree, 1 178 
in a multithreaded computation, 776 
in a rooted tree, 1 176 
child list in a Fibonacci heap, 507 
Chinese remainder theorem, 950-954, 983 
chip multiprocessor, 772 
chirp transform, 9 14 ex. 
choose 1 185 
chord, 345 ex. 
Cilk, 774,812 
Cilk++, 774,812 
ciphertext, 960 
circuit 

boolean combinational, 1071 
depth of, 919 

for fast Fourier transform, 919-920 
CIRCUIT-SAT, 1072 
Qcircuit satisfiability, 1070-1077 

/circular, doubly linked list with a sentinel, 239 
\jzircular linked list, 236 
t»ye£ also linked list 
cla*s£) 

complexity, 1059 
equivalence, 1164 
classificatien of edges 

in breadfh«first search, 62 1 pr. 
in depth-firsl(sefcrch, 609-610, 61 1 ex. 
in a multithreadeTSdag, 778-779 
clause, 1081-1082-OS 
clean area, 208 pr. \f 
clique, 1086-1089, 1 105 

approximation algorithm for, 1111 ex., 
1134pr. 
CLIQUE, 1087 
closed interval, 348 
closed semiring, 707 
closest pair, finding, 1039-1044, 1047 
closest-point heuristic, 11 17 ex. 
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closure 

group property, 939 
,r\ of a language, 1058 
^ >^ operator (*), 1058 

transitive, see transitive closure 



MiTlrbit vector with a superimposed tree of 

^«Tstant height, 534 
for parallel computing, 772 
in prot^wn Emde Boas structures, 538 
in van Effup Boas trees, 546 
clustering, 2/2>^ 

CNF (conjunctrve^ormal form), 1049, 1082 

CNF satisfiability,*! 127 ex. 

coarsening leaves oSjrtursion 
in merge sort, 39 pr.Q^ 
when recursively spaw^ykg, 787 

V. 
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code, 428-429 

Huffman, 428-437, 450 
codeword, 429 
codomain, 1166 
coefficient 

binomial, 1186 

of a polynomial, 55, 898 

in slack form, 856 
coefficient representation, 900 

and fast multiplication, 903-905 
cofactor, 1224 
coin changing, 446 pr. 
colinearity, 1016 
collision, 257 

resolution by chaining, 257-260 

resolution by open addressing, 269-277 
collision-resistant hash function, 964 
coloring, 1103pr., 1180pr. 
color, of a red-black-tree node, 308 
column-major order, 208 pr. 
column rank, 1223 
columnsort, 208 pr. 
column vector, 1218 
combination, 1185 
combinational circuit, 1071 
combinational element, 1070 
combine step, in divide-and-conquer, 30, 65 
comment, in pseudocode (//), 21 
commodity, 862 
common divisor, 929 

greatest, see greatest common divisor 



common multiple, 939 ex. 
common subexpression, 915 
common subsequence, 7, 391 

longest, 7, 390-397, 413 
commutative laws for sets, 1 159 
commutative operation, 940 
COMPACTIFY-LlST, 245 ex. 
compact list, 250 pr. 
Compact-List-Search, 250 pr. 
Compact-List-Search', 251 pr. 
comparable line segments, 1022 
Compare-Exchange, 208 pr. 
compare-exchange operation, 208 pr. 
comparison sort, 191 

and binary search trees, 289 ex. 
randomized, 205 pr. 
and selection, 222 
compatible activities, 415 
compatible matrices, 371, 1221 
competitive analysis, 476 pr. 
complement 

of an event, 1 190 
of a graph, 1090 
of a language, 1058 
Schur, 820, 834 
of a set, 1160 
complementary slackness, 894 pr. 
"V-Ncomplete graph, 1 172 
V^^complete fc-ary tree, 1 179 
\j see also heap 

completeness of a language, 1077 ex. 
corrrofgte step, 782 
compIEuM time, 447 pr., 1 136 pr. 
complexity class, 1059 

co-NP, *064 

NP, 1049, (TOV 

NPC, 1050, ^869 

P, 1049, \055~^\ 
complexity measur^i059 
complex numbers 

inverting matrices of, 832 ex. 

multiplication of, 83 ex. 
complex root of unity, 906 

interpolation at, 912-913 
component 

biconnected, 62 1 pr. 

connected, 1170 

strongly connected, 1 170 
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component graph, 617 
composite number, 928 
witness to, 968 



composition, of multithreaded computations, 
\/ 784 fig. 




corHQilta 
comptrtal 
compu 
computa 
computatio' 
COMPUTE-F 



onal depth, 812 
onal geometry, 1014-1047 
al problem, 5-6 
?g, 777 

ltithreaded, 777 
E^IX-FUNCTION, 1006 



Compute-TranMton-Function, 
concatenation 



1001 



of languages, 105$ 

of strings, 986 XT 1 
concrete problem, 1055 Y^ 
concurrency keywords, 774 S/ ? ( 76, 785 
concurrency platform, 773 y\ 
conditional branch instruction^^S > 
conditional independence, 1 195 
conditional probability, 1192, 1194(^ 
configuration, 1074 
conjugate of the golden ratio ((/>), 59 
conjugate transpose, 832 ex. 
conjunctive normal form, 1049, 1082 
connected component, 1170 

identified using depth-first search, 612 ex. 

identified using disjoint-set data structures 
562-564 
Connected-Components, 563 
connected graph, 1170 
connective, 1079 
co-NP (complexity class), 1064 
conquer step, in divide-and-conquer, 30, 65 
conservation of flow, 709-710 
consistency 

of literals, 1088 

sequential, 779, 812 
Consolidate, 5 16 
consolidating a Fibonacci-heap root list, 

513-517 
constraint, 851 

difference, 665 

equality, 670 ex., 852-853 

inequality, 852-853 

linear, 846 

nonnegativity, 851, 853 
tight, 865 
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violation of, 865 
constraint graph, 666-668 
contain, in a path, 1 170 
continuation edge, 778 
continuous uniform probability distribution, 

1192 
contraction 

of a dynamic table, 467^-7 1 
of a matroid, 442 

of an undirected graph by an edge, 1 172 
control instructions, 23 
convergence property, 650, 672-673 
convergent series, 1 146 
converting binary to decimal, 933 ex. 
convex combination of points, 1015 
convex function, 1199 
convex hull, 8, 1029-1039, 1046 pr. 
convex layers, 1044pr. 
convex polygon, 1020 ex. 
convex set, 7 14 ex. 
convolution (®), 901 
convolution theorem, 913 
copy instruction, 23 
correctness of an algorithm, 6 
corresponding flow network for bipartite 
matching, 732 
^"^countably infinite set, 1 161 
/eeunter, see binary counter 
OzOunting, 1183-1189 
^probabilistic, 143 pr. 
coudtfn^ sort, 194-197 

in radfx\sort, 198 
CoUNTtfra^ORT, 195 
coupon collector's problem, 134 
cover • 
path, 761 pr. (~\ 
by a subset, 1 1 Y8~\ 
vertex, 1089, llWj, 124-1 127, 1139 
covertical, 1024 <Y 
CREATE-NEW-RS-vEB-TREE, 557 pr. 
credit, 456 
critical edge, 729 
critical path 
of a dag, 657 

of a multithreaded computation, 779 
cross a cut, 626 
cross edge, 609 
cross product (x), 1016 
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cryptosystem, 958-965, 983 
cubic spline, 840 pr. 
, r\ currency exchange, 390 ex., 679 pr. 

vi™ 6 fitting ' 835-839 

GjWpity of, 721 
^ading, 520 
ofa/ftaw network, 720-724 
minrmutn, 721, 731 ex. 
net flo«t«cross, 720 
of an unSfreibted graph, 626 
weight of, iX^fcx. 
Cut, 519 \^\ 
Cut-Rod, 363 <s 
cutting, in a Fibonacci ligap, 519 
cycle of a graph, 1 170Q^ 
hamiltonian, 1049, 106L>' 
minimum mean- weight, 68)§fj)r. 
negative- weight, see negaWe^weight cycle 
and shortest paths, 646-6470* 
cyclic group, 955 
cyclic rotation, 10 12 ex. 
cycling, of simplex algorithm, 875 



dag, see directed acyclic graph 
Dag-Shortest-Paths, 655 
af-ary heap, 167pr. 

in shortest-paths algorithms, 706 pr. 
data-movement instructions, 23 
data-parallel model, 811 
data structure, 9, 229-355, 481-585 

AA-trees, 338 

augmentation of, 339-355 

AVL trees, 333 pr., 337 

binary search trees, 286-307 

binomial heaps, 527 pr. 

bit vectors, 255 ex., 532-536 

B-trees, 484-504 

deques, 236 ex. 

dictionaries, 229 

direct-address tables, 254—255 

for disjoint sets, 561-585 

for dynamic graphs, 483 

dynamic sets, 229-231 

dynamic trees, 482 

exponential search trees, 212, 483 

Fibonacci heaps, 505-530 

fusion trees, 212, 483 



hash tables, 256-261 
heaps, 151-169 
interval trees, 348-354 
A:-neighbor trees, 338 
linked lists, 236-241 
mergeable heap, 505 
order- statistic trees, 339-345 
persistent, 331 pr., 482 
potential of, 459 
priority queues, 162-166 
proto van Emde Boas structures, 538-545 
queues, 232, 234-235 
radix trees, 304 pr. 
red-black trees, 308-338 
relaxed heaps, 530 
rooted trees, 246-249 
scapegoat trees, 338 
on secondary storage, 484—487 
skip lists, 338 
splay trees, 338, 482 
stacks, 232-233 
treaps, 333 pr., 338 
2-3-4 heaps, 529 pr. 
2-3-4 trees, 489, 503 pr. 
2-3 trees, 337, 504 
van Emde Boas trees, 53 1-560 
weight-balanced trees, 338 
data type, 23 
adline, 444 
4fcaUocation of objects, 243-244 
densjon by an algorithm, 1058-1059 
decisiSh problem, 1051, 1054 

anotraJfaization problems, 105 1 
decisiorktree, 192-193 
DECREASe-KEY, 162, 505 
decreasing a ^e^. 

in Fibonacci hBSps, 519-522 
in 2-3-4 heapiO^gpr. 
Decrement, 456%? 
degeneracy, 874 
degree 

of a binomial-tree root, 527 pr. 
maximum, of a Fibonacci heap, 509, 

523-526 
minimum, of a B-tree, 489 
of a node, 1 177 
of a polynomial, 55, 898 
of a vertex, 1 169 
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degree-bound, 898 
Delete, 230, 505 
rDELETE-L ARGER-H ALF, 463 ex. 
Mixtion 

y^rom binary search trees, 295-298, 299 ex. 

^bit vector with a superimposed binary 
eg) 534 

fronr rtni vector with a superimposed tree of 

constamjieight, 535 
from B-t^^499-502 
from chainiw^ash tables, 258 
from direct-addj&ss tables, 254 
from dynamic rablfes, 467-471 
from Fibonacci haaps. 522, 526 pr. 
from heaps, 166 ex.VJ 
from interval trees, 34#» 
from linked lists, 238 ^> 
from open-address hash tablgfc^271 
from order-statistic trees, 343-344 
from proto van Emde Boas st 
from queues, 234 
from red-black trees, 323-330 
from stacks, 232 
from sweep-line statuses, 1024 
from 2-3-4 heaps, 529 pr. 
from van Emde Boas trees, 554—556 
DeMorgan's laws 

for propositional logic, 1083 
for sets, 1160, 1162 ex. 
dense graph, 589 
e -dense, 706 pr. 
density 

of prime numbers, 965-966 
of a rod, 370 ex. 
dependence 

and indicator random variables, 1 19 
linear, 1223 
see also independence 
depth 

average, of a node in a randomly built binary 
search tree, 304 pr. 

of a circuit, 919 

of a node in a rooted tree, 1 177 

of quicksort recursion tree, 178 ex. 

of a stack, 188 pr. 
depth-determination problem, 583 pr. 
depth-first forest, 603 
depth-first search, 603-612, 623 
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in finding articulation points, bridges, and 
biconnected components, 62 1 pr. 

in finding strongly connected components, 
615-621, 623 

in topological sorting, 612-615 
depth-first tree, 603 
deque, 236 ex. 
Dequeue, 235 
derivative of a series, 1 147 
descendant, 1176 
destination vertex, 644 
det, see determinant 
determinacy race, 788 
determinant, 1224—1225 

and matrix multiplication, 832 ex. 
deterministic algorithm, 123 

multithreaded, 787 
Deterministic-Search, 143 pr. 
DFS,604 
DFS-VISIT,604 

DFT (discrete Fourier transform), 9, 909 
diagonal matrix, 1218 

LUP decomposition of, 827 ex. 
diameter of a tree, 602 ex. 
dictionary, 229 

difference constraints, 664-670 
difference equation, see recurrence 

ference of sets (— ), 1159 
. 'Symmetric, 763 pr. 
differentiation of a series, 1 147 
digitffljjignature, 960 
digraphOVe directed graph 
DlJKSTftA^58 

Dijkstra's\»lgorithm, 658-664, 682 
for all-paiK shortest paths, 684, 704 
implemented^Jth a Fibonacci heap, 662 
implemented w/th\a min-heap, 662 
with integer edg£3<feights, 664 ex. 
in Johnson's algorithm, 702 
similarity to breadth-first search, 662, 
663 ex. 

similarity to Prim's algorithm, 634, 662 
Direct-Address-Delete, 254 
direct addressing, 254-255, 532-536 
Direct-Address-Insert, 254 
Direct-Address-Search, 254 
direct-address table, 254-255 
directed acyclic graph (dag), 1 172 



Index 



1261 



(33 



-683 



and back edges, 613 

and component graphs, 617 
, C\ and hamiltonian paths, 1066 ex. 
>^ longest simple path in, 404 pr. 

for representing a multithreaded 
computation, 777 

sjfigje-source shortest-paths algorithm for. 
o56v658 

topological sort of, 612-615, 623 
directed g^jh, 1 168 

all-pairs Mprtest paths in, 684-707 

constraint graph. 666 

Euler tour of; 625 pr., 1048 

hamiltonian cyate of, 1049 

and longest pathsVJo48 

path cover of, 761 

PERT chart, 657, 657 ex> ' 

semiconnected, 62 1 ex. ^\ 

shortest path in, 643 >■ \ 

single-source shortest paths *Lp<^43 

singly connected, 612 ex. 

square of, 593 ex. 

transitive closure of, 697 

transpose of, 592 ex. 

universal sink in, 593 ex. 

see also directed acyclic graph, graph, 
network 
directed segment, 1015-1017 
directed version of an undirected graph, 1 172 
Direction, 1018 
dirty area, 208 pr. 
Discharge, 751 

discharge of an overflowing vertex, 75 1 
discovered vertex, 594, 603 
discovery time, in depth-first search, 605 
discrete Fourier transform, 9, 909 
discrete logarithm, 955 
discrete logarithm theorem, 955 
discrete probability distribution, 1191 
discrete random variable, 1196-1201 
disjoint-set data structure, 561-585 
analysis of, 575-581, 581 ex. 
in connected components, 562-564 
in depth determination, 583 pr. 
disjoint-set-forest implementation of, 

568-572 
in Kruskal's algorithm, 631 
linear-time special case of, 585 
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linked-list implementation of, 564—568 

in off-line least common ancestors, 584 pr. 

in off-line minimum, 582 pr. 

in task scheduling, 448 pr. 
disjoint-set forest, 568-572 

analysis of, 575-581, 581 ex. 

rank properties of, 575, 58 1 ex. 

see also disjoint-set data structure 
disjoint sets, 1161 
disjunctive normal form, 1083 
disk, 1028 ex. 
disk drive, 485-487 

see also secondary storage 
Disk-Read, 487 
Disk-Write, 487 
distance 

edit, 406 pr. 

euclidean, 1039 

L m , 1044 ex. 

Manhattan, 225 pr., 1044 ex. 
of a shortest path, 597 
distributed memory, 772 
distribution 

binomial, 1203-1206 
continuous uniform, 1192 
discrete, 1191 
geometric, 1202-1203 
of inputs, 1 16, 122 
of prime numbers, 965 
\jWobability, 1190 
^jp^rse-hulled, 1046pr. 

un/fbYm, 1 191 
distrimmSt laws for sets, 1 160 
divergent series, 1 146 
divide-and«conquer method, 30-35, 65 
analysis ol^3^1— 35 
for binary seafcla, 39 ex. 
for conversiorraf< ) binary to decimal, 933 ex. 
for fast Fourier tf^lnsform, 909-912 
for finding the closest pair of points, 

1040-1043 
for finding the convex hull, 1030 
for matrix inversion, 829-831 
for matrix multiplication, 76-83, 792-797 
for maximum-subarray problem, 68-75 
for merge sort, 30-37, 797-805 
for multiplication, 920 pr. 
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divide in' 
divides rel 




for multithreaded matrix multiplication, 
792-797 

, r\ for multithreaded merge sort, 797-805 
^ Jfcr quicksort, 170-190 

(delation to dynamic programming, 359 

± election, 215-224 
. Ins recurrences for, 83-106, 112-113 
en's algorithm, 79-83 
ion, 23 
J1), 927 

divide step, ifllpHde-and-conquer, 30, 65 
division methodv^S?, 268-269 ex. 
division theorem/928>. 
divisor, 927-928 <S 

common, 929 \J _ 

see also greatest comim divisor 
DNA, 6-7, 390-391, 406 pc>' 
DNF (disjunctive normal form)^083 
does-not-divide relation (I), 927 > 
domain, 1166 V^v 
dominates relation, 1045 pr. Y^ 
double hashing, 272-274, 277 ex. (C\ 
doubly linked list, 236 

see also linked list 
downto, in pseudocode, 21 
d -regular graph, 736 ex. 
duality, 879-886, 895 pr. 

weak, 880-881, 886 ex. 
dual linear program, 879 
dummy key, 397 
dynamic graph, 562 n. 

all-pairs shortest paths algorithms for, 707 

data structures for, 483 

minimum-spanning-tree algorithm for, 
637 ex. 

transitive closure of, 705 pr., 707 
dynamic multithreaded algorithm, see 

multithreaded algorithm 
dynamic multithreading, 773 
dynamic order statistics, 339-345 
dynamic-programming method, 359-413 

for activity selection, 421 ex. 

for all-pairs shortest paths, 686-697 

for bitonic euclidean traveling-salesman 
problem, 405 pr. 

bottom-up, 365 

for breaking a string, 410 pr. 
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compared with greedy algorithms, 381, 

390 ex., 418,423^27 
for edit distance, 406 pr. 
elements of, 378-390 
for Floyd- Warshall algorithm, 693-697 
for inventory planning, 41 1 pr. 
for longest common subsequence, 390-397 
for longest palindrome subsequence, 405 pr. 
for longest simple path in a weighted 

directed acyclic graph, 404 pr. 
for matrix-chain multiplication, 370-378 
and memoization, 387-389 
for optimal binary search trees, 397^1-04 
optimal substructure in, 379-384 
overlapping subproblems in, 384-386 
for printing neatly, 405 pr. 
reconstructing an optimal solution in, 387 
relation to divide-and-conquer, 359 
for rod-cutting, 360-370 
for seam carving, 409 pr. 
for signing free agents, 411 pr. 
top-down with memoization, 365 
for transitive closure, 697-699 
for Viterbi algorithm, 408 pr. 
for 0- 1 knapsack problem, 427 ex. 
dynamic set, 229-23 1 
(~~\ see also data structure 
^dvnamic table, 463-471 
X^^analyzed by accounting method, 465-466 
\^>ralyzed by aggregate analysis, 465 
afl$l})zed by potential method, 466^-71 
load/fatMor of, 463 
dynamic"tr0tf, 482 
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e, 55 • 

E [ ] (expected tall 
early-first form, 
early task, 444 
edge, 1 168 

admissible, 749 
antiparallel, 711-712 
attributes of, 592 
back, 609 
bridge, 621 pr. 
call, 778 
capacity of, 709 

classification in breadth-first search, 621 pr. 
classification in depth-first search, 609-610 
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continuation, 778 
critical, 729 
, r\ cross, 609 

vX fOTWard > 609 

<S inadmissible, 749 
C^hj,626 
iterative-weight, 645-646 
reSdnsl, 716 
retuh0729 
safe, 65 
saturatedT739 




v 

m>72* 



spawn 

tree, 601, 605 y 6e9 

weight of, 591 •< _ 
edge connectivity, 7§J ex, 
edge set, 1168 
edit distance, 406 pr. 
Edmonds-Karp algorithir^723^-730 
elementary event, 1 189 >■ > 
elementary insertion, 465 
element of a set (e), 1 158 
ellipsoid algorithm, 850, 897 
elliptic-curve factorization method 
elseif, in pseudocode, 20 n. 
else, in pseudocode, 20 
empty language (0), 1058 
empty set (0), 1 158 
empty set laws, 1 159 
empty stack, 233 
empty string (e), 986, 1058 
empty tree, 1 178 
encoding of problem instances, 1055-1057 
endpoint 

of an interval, 348 

of a line segment, 1015 
Enqueue, 235 
entering a vertex, 1 169 
entering variable, 867 
entropy function, 1 1 87 
e-dense graph, 706 pr. 
e-universal hash function, 269 ex. 
equality 

of functions, 1 166 

linear, 845 

of sets, 1158 
equality constraint, 670 ex., 852 

and inequality constraints, 853 

tight, 865 




violation of, 865 
equation 

and asymptotic notation, 49-50 
normal, 837 

recurrence, see recurrence 
equivalence class, 1164 

modulo n ([«]«), 928 
equivalence, modular (=), 54, 1 165 ex. 
equivalence relation, 1164 

and modular equivalence, 1 165 ex. 
equivalent linear programs, 852 
error, in pseudocode, 22 
escape problem, 760 pr. 
Euclid, 935 

Euclid's algorithm, 933-939, 981 pr., 983 

euclidean distance, 1039 

euclidean norm (|| ||), 1222 

Euler's constant, 943 

Euler's phi function, 943 

Euler's theorem, 954, 975 ex. 

Eulertour, 623 pr, 1048 

and hamiltonian cycles, 1048 
evaluation of a polynomial, 41 pr., 900, 905 ex. 
derivatives of, 922 pr. 
at multiple points, 923 pr. 
event, 1 190 
event point, 1023 
event-point schedule, 1023 
act-Subset-Sum, 1129 

ss flow, 736 
K^nge property, 437 
excluSitin and inclusion, 1 163 ex. 
execute\aXubroutine, 25 n. 
expansion of a dynamic table, 464-467 
expectation see expected value 
expected mn^unjg time, 28, 117 
expected value,/T1 , 07-l 199 

of a binomial ifl>fljibuti on, 1204 
of a geometric distribution, 1202 
of an indicator random variable, 118 
explored vertex, 605 
exponential function, 55-56 
exponential height, 300 
exponential search tree, 212, 483 
exponential series, 1147 
exponentiation instruction, 24 
exponentiation, modular, 956 
Extended-Bottom-Up-Cut-Rod, 369 



Index 



Extended-Euclid, 937 
Extend-Shortest-Paths,688 
^ rsxtension of a set, 438 
^exj^rior of a polygon, 1020 ex. 
external node, 1176 
cx ath length, 1 180 ex. 

extrastmg the maximum key 

froirfarary heaps, 167pr. 

from maxJieaps, 163 
extracting tkgvrninimum key 

from FiborificpS heaps, 512-518 

from 2-3-4 heap&,'529 pr. 

from Young taBl&atis, 167 pr. 
Extract-Max, 162^-163 
Extract-Min, 162,^05 

factor, 928 s >' 

V 
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twiddle, 912 
factorial function (!), 57-58 
factorization, 975-980, 984 

unique, 931 
failure, in a Bernoulli trial, 1201 
fair coin, 1 191 
fan-out, 1071 
Farkas's lemma, 895 pr. 
farthest-pair problem, 1030 
Faster- All-Pairs-Shortest- Paths 
692 ex. 

fast Fourier transform (FFT), 898-925 

circuit for, 919-920 

iterative implementation of, 915-918 

multidimensional, 921 pr. 

multithreaded algorithm for, 804 ex. 

recursive implementation of, 909-912 

using modular arithmetic, 923 pr. 
feasibility problem, 665, 894 pr. 
feasible linear program, 85 1 
feasible region, 847 
feasible solution, 665, 846, 851 
Fermat's theorem, 954 
FFT, see fast Fourier transform 
FFTW, 924 
Fib, 775 

Fib -Heap-Change-Key, 529 pr. 
Fib -Heap-Decrease-Key, 5 19 
Fib -Heap-Delete, 522 
Fib-Heap-Extract-Min, 513 
Fib-Heap-Insert, 5 10 



Fib-Heap-Link, 516 
Fib-Heap-Prune, 529 pr. 
Fib-Heap-Union, 512 
Fibonacci heap, 505-530 

changing a key in, 529 pr. 

compared with binary heaps, 506-507 

creating, 510 

decreasing a key in, 5 19-522 

deletion from, 522, 526 pr. 

in Dijkstra's algorithm, 662 

extracting the minimum key from, 512-518 

insertion into, 5 10-5 1 1 

in Johnson's algorithm, 704 

maximum degree of, 509, 523-526 

minimum key of , 5 1 1 

potential function for, 509 

in Prim's algorithm, 636 

pruning, 529 pr. 

running times of operations on, 506 fig. 
uniting, 511-512 
Fibonacci numbers, 59-60, 108 pr., 523 

computation of, 774-780, 981 pr. 
FIFO (first-in, first-out), 232 
see also queue 
. final-state function, 996 
\/ final strand, 779 
691, C^FlND-DEPTH,583pr. 

^Rind-Max-Crossing-Subarray,71 
\jfTkD-M aximum-Subarray, 72 
filj^path, 569 
Fi^Qet,562 

disjo/ffrtyset-forest implementation of, 571, 
585^ 

linked-fist implementation of, 564 
finished vert»x, 603 

finishing time, (n"ijepth-first search, 605 
and strongly co/fftscted components, 618 

finish time, in activra^election, 415 

finite automaton, 99 J ^ 

for string matching, 996-1002 

Finite-Automaton-Matcher, 999 

finite group, 940 

finite sequence, 1166 

finite set, 1 161 

first-fit heuristic, 1134pr. 

first-in, first-out, 232 
see also queue 

fixed-length code, 429 
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partite graph, 732 



d^rks, 712 
ex. <J> 



floating-point data type, 23 
floor function ([ J), 54 
,C\ in master theorem, 103-106 
Jfoor instruction, 23 
\ifow, 709-714 
C^Wgate, 863 

ajlMientation of, 716 

blMCTHg, 765 

cancelation of, 717 

excesssj"6 

integer-vffluid, 733 

net, across acilt, 720 

value of, 71(7^ 
flow conservation,v7Q; 
flow network, 709 

corresponding to a 

cut of, 720-724 

with multiple sources a 
Floyd-Warshall, 695 
Floyd-Warshall', 69i „ 
Floyd-Warshall algorithm, 693-6^7> 
699-700 ex., 706 (C\ 

multithreaded, 797 ex. 
FORD-FULKERSON, 724 
Ford-Fulkerson method, 714-731, 765 
Ford-Fulkerson-Method, 715 
forest, 1 172-1 173 

depth-first, 603 

disjoint-set, 568-572 
for, in pseudocode, 20-21 

and loop invariants, 19 n. 
formal power series, 108 pr. 
formula satisfiability, 1079-1081, 1105 
forward edge, 609 
forward substitution, 816-817 
Fourier transform, see discrete Fourier 
transform, fast Fourier transform 
fractional knapsack problem, 426, 428 ex 
free agent, 41 1 pr. 
freeing of objects, 243-244 
free list, 243 
Free-Object, 244 
free tree, 1172-1176 
frequency domain, 898 
full binary tree, 1178, 11 80 ex. 

relation to optimal code, 430 
full node, 489 
full rank, 1223 



full walk of a tree, 1114 
fully parenthesized matrix-chain product, 370 
fully polynomial-time approximation scheme, 
1107 

for subset sum, 1 128-1 134, 1 139 
function, 1166-1168 
Ackermann's, 585 
basis, 835 
convex, 1199 
final-state, 996 
hash, see hash function 
linear, 26, 845 
objective, 664, 847,851 
potential, 459 
prefix, 1003-1004 
quadratic, 27 
reduction, 1067 
suffix, 996 

transition, 995, 1001-1002, 1012ex. 
functional iteration, 58 
fundamental theorem of linear programming, 
892 

furthest-in-future strategy, 449 pr. 
fusion tree, 212, 483 
fuzzy sorting, 189 pr. 



Gabow's scaling algorithm for single-source 
" shortest paths, 679 pr. 

O^gap character, 989 ex., 1002 ex. 
tg^p heuristic, 760 ex., 766 
gafp^e collection, 151, 243 
gate,(f?K70 

Gaussla^limination, 819, 842 
gcd, wij^greatest common divisor 
general number-field sieve, 984 
generating fu^c^ion, 108 pr. 
generator 

of a subgroup^ 

of Z*, 955 
GENERIC-MST,626 
Generic-Push-Relabel, 741 
generic push-relabel algorithm, 740-748 
geometric distribution, 1202-1203 

and balls and bins, 134 
geometric series, 1147 
geometry, computational, 1014-1047 
GF(2), 1227 pr. 
gift wrapping, 1037, 1047 
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global variable, 21 

Goldberg's algorithm, see push-relabel 
, r\ algorithm 
^gp&en ratio (0), 59, 108 pr. 

gossiping, 478 

Gri3^r^83pr. 

Gralwff} scan, 1030-1036, 1047 
Grah)(m^Scan, 1031 
graph, 1 MK-1173 

adjacencjtMst representation of, 590 

adjacency-tfrajHx representation of, 591 

algorithms foiL^8^-766 

and asymptotiirnptetion, 588 

attributes of, 588,y592 

breadth-first search W594-602, 623 

coloring of, 1 103 pr. 

complement of, 1090 

component, 617 /\ 

constraint, 666-668 >■ \ 

dense, 589 y> 

depth-first search of, 603-612, 6^ 

dynamic, 562 n. 

e-dense, 706 pr. 

hamiltonian, 1061 • 
incidence matrix of, 448 pr., 593 ex. 
interval, 422 ex. 
nonhamiltonian, 1061 
shortest path in, 597 
singly connected, 612 ex. 
sparse, 589 
static, 562 n. 
subproblem, 367-368 
tour of, 1096 
weighted, 591 

see also directed acyclic graph, directed 
graph, flow network, undirected graph, 
tree 

graphic matroid, 437-438, 642 
GRAPH-ISOMORPHISM, 1065 ex. 
gray vertex, 594, 603 
greatest common divisor (gcd), 929-930, 
933 ex. 

binary gcd algorithm for, 981 pr. 

Euclid's algorithm for, 933-939, 981 pr., 983 

with more than two arguments, 939 ex. 

recursion theorem for, 934 
greedoid, 450 
Greedy, 440 



Greedy- Activity-Selector, 421 
greedy algorithm, 414—450 
for activity selection, 415^-22 
for coin changing, 446 pr. 
compared with dynamic programming, 381, 

390 ex., 418, 423-427 
Dijkstra's algorithm, 658-664 
elements of, 423^128 
for fractional knapsack problem, 426 
greedy-choice property in, 424—425 
for Huffman code, 428-437 
Kruskal's algorithm, 631-633 
and matroids, 437-443 
for minimum spanning tree, 631-638 
for multithreaded scheduling, 781-783 
for off-line caching, 449 pr. 
optimal substructure in, 425 
Prim's algorithm, 634-636 
for set cover, 1117-1122, 1139 
for task scheduling, 443^46, 447-448 pr. 
on a weighted matroid, 439^-42 
for weighted set cover, 1 135 pr. 
greedy-choice property, 424—425 
of activity selection, 417-418 
of Huffman codes, 433-434 
of a weighted matroid, 441 
greedy scheduler, 782 

eedy-Set-Cover, 1 1 19 
ffd760pr. 
giojip 939-946 
<<y^, 955 
opera 



guessin 
methl 




939 

solution, in the substitution 
84-85 



half 3-CNF satisfiability, 1 101 ex. 
half-open interval^348 
Hall's theorem, 73%^ 
halting problem, 104^? 
halving lemma, 908 
HAM-CYCLE, 1062 

hamiltonian cycle, 1049, 1061, 1091-1096, 
1105 

hamiltonian graph, 1061 
hamiltonian path, 1066 ex., 1101 ex. 
HAM-PATH, 1066 ex. 
handle, 163, 507 
handshaking lemma, 1172 ex. 
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harmonic number, 1147, 1153-1154 
harmonic series, 1147, 1153-1154 
. r\ Hash-Delete, 277 ex. 
^ jAsh function, 256, 262-269 
auxiliary, 272 
C^))lUsion-resistant, 964 
djvrtion method for, 263, 268-269 ex. 
e-rmwersal, 269 ex. 
multiplication method for, 263-264 
universgV 265-268 
hashing, 25<Q85 

with chaimna^2*57-260, 283 pr. 
double, 272-^7^277 ex. 
^-universal, 284rpr_ 
in memoization, 3ofj,387 
with open addressin{£z69-277 
perfect, 277-282, 285 y>* 
to replace adjacency lists, 5^3 ex. 
universal, 265-268 >■ \ 
Hash-Insert, 270, 277 ex. C^> 
Hash-Search, 271, 277 ex. 
hash table, 256-261 



dynamic, 47 1 ex. 
secondary, 278 
see also hashing 
hash value, 256 
hat-check problem, 122 ex. 
head 

in a disk drive, 485 
of a linked list, 236 
of a queue, 234 
heap, 151-169 

analyzed by potential method, 462 ex. 

binomial, 527 pr. 

building, 156-159, 166 pr. 

compared with Fibonacci heaps, 506-507 

rf-ary, 167 pr., 706 pr. 

deletion from, 166 ex. 

in Dijkstra's algorithm, 662 

extracting the maximum key from, 163 

Fibonacci, see Fibonacci heap 

as garbage-collected storage, 151 

height of, 153 

in Huffman's algorithm, 433 

to implement a mergeable heap, 506 

increasing a key in, 163-164 

insertion into, 164 

in Johnson's algorithm, 704 



max-heap, 152 

maximum key of, 163 

mergeable, see mergeable heap 

min-heap, 153 

in Prim's algorithm, 636 

as a priority queue, 162-166 

relaxed, 530 

running times of operations on, 506 fig. 

and treaps, 333 pr. 

2-3-4, 529 pr. 
Heap-Decrease-Key, 165 ex. 
Heap-Delete, 166 ex. 
Heap-Extract-Max, 163 
Heap-Extract-Min, 165 ex. 
Heap-Increase-Key, 164 
Heap-Maximum, 163 
Heap-Minimum, 165 ex. 
heap property, 152 

maintenance of, 154-156 

vs. binary-search-tree property, 289 ex. 
heapsort, 151-169 
HEAPSORT, 160 
heel, 602 ex. 
height 

of a binomial tree, 527 pr. 
black-, 309 
of aB-tree, 489-490 
of a rf-ary heap, 167 pr. 
of a decision tree, 193 
\j exponential, 300 
<^pf\ heap, 153 

of/aTvode in a heap, 153, 159 ex. 
of fflip^fe in a tree, 1 177 
of a red-black tree, 309 
of a treat 1 177 
height-balani^ecrjtree, 333 pr. 
height function/fnvpush-relabel algorithms, 738 
hereditary family^^jubsets, 437 
Hermitian matrix, 8^2 ex. 
high endpoint of an interval, 348 
high function, 537, 546 
Hire-Assistant, 115 
hiring problem, 114-115, 123-124, 145 
on-line, 139-141 
probabilistic analysis of, 120-121 
hit 

cache, 449 pr. 
spurious, 991 
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HOARE-PARTITION, 185 pr. 
HoPCROFT-KARP,764pr. 
- rHopcroft-Karp bipartite matching algorithm, 

horizontal ray, 1021 ex. 
Hof^-Vrule, 41 pr., 900 

in tJlejiabin-Karp algorithm, 990 
HUFFl0fA»i431 
HuffmanVUe, 428-437, 450 
hull, convdoLl029-1039, 1046 pr. 
Human GenomSProject, 6 
hyperedge, 117%}' 



173 ex. 



hypergraph, 1172 .A. 
and bipartite graphs, 11 

ideal parallel computer, 7/79^ 
idempotency laws for sets, JU59 



6 



identity, 939 
identity matrix, 1218 
if, in pseudocode, 20 
image, 1167 

image compression, 409 pr., 413 
inadmissible edge, 749 
incidence, 1 169 
incidence matrix 

and difference constraints, 666 

of a directed graph, 448 pr., 593 ex. 

of an undirected graph, 448 pr. 
inclusion and exclusion, 1 163 ex. 
incomplete step, 782 
Increase-Key, 162 
increasing a key, in a max-heap, 163-164 
Increment, 454 
incremental design method, 29 

for finding the convex hull, 1030 
in-degree, 1169 
indentation in pseudocode, 20 
independence 

of events, 1192-1193, 1195 ex. 

of random variables, 1 197 

of subproblems in dynamic programming, 
383-384 

independent family of subsets, 437 
independent set, 1101 pr. 

of tasks, 444 
independent strands, 789 
index function, 537, 546 
index of an element of Z* , 955 



Y 



indicator random variable, 118-121 

in analysis of expected height of a randomly 

built binary search tree, 300-303 
in analysis of inserting into a treap, 333 pr. 
in analysis of streaks, 138-139 
in analysis of the birthday paradox, 132-133 
in approximation algorithm for 

MAX-3-CNF satisfiability, 1 124 
in bounding the right tail of the binomial 

distribution, 1212-1213 
in bucket sort analysis, 202-204 
expected value of, 118 
in hashing analysis, 259-260 
in hiring-problem analysis, 120-121 
and linearity of expectation, 119 
in quicksort analysis, 182-184, 187 pr. 
in randomized-selection analysis, 217-219, 

226 pr. 

in universal-hashing analysis, 265-266 
induced subgraph, 1171 
inequality constraint, 852 

and equality constraints, 853 
inequality, linear, 846 
infeasible linear program, 851 
infeasible solution, 851 
infinite sequence, 1166 
infinite set, 1 161 



\jHmnity, arithmetic with, 650 
I^UnALIZE-PREFLOW, 740 
In^(a).IZE-Simplex,871, 887 
lNITIAfTXE-SlNGLE-SOURCE,648 
initial sW)^779 
injective function, 1167 
inner product 1222 
inorder tree wa (£^£87, 293 ex., 342 
lNORDER-TREE-W*LK, 288 
in-place sorting, 17^48, 206 pr. 
input \f 

to an algorithm, 5 

to a combinational circuit, 1071 

distribution of, 116, 122 

to a logic gate, 1070 

size of, 25 
input alphabet, 995 
INSERT, 162, 230, 463 ex., 505 
insertion 

into binary search trees, 294—295 
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into a bit vector with a superimposed binary 
tree, 534 

into a bit vector with a superimposed tree of 

constant height, 534 
into B-trees, 493^97 
^tOjphained hash tables, 258 
MffoSrf-ary heaps, 167 pr. 
info/tfkect-address tables, 254 
into ajmarnic tables, 464-467 
elemenl^ry, 465 
into Fibdfiapci heaps, 510-5 1 1 
into heaps, J6X' 
into interval treefe. 349 
into linked lists<23J-238 
into open-addressvoash, tables, 270 
into order-statistic ti^es, 343 
into proto van Emde Boa^ 'structures, 544 
into queues, 234 J{ 
into red-black trees, 315->23> 
into stacks, 232 
into sweep-line statuses, 1024 
into treaps, 333 pr. 



into 2-3-4 heaps, 529 pr. 

into van Emde Boas trees, 552-554 

into Young tableaus, 167pr. 
insertion sort, 12, 16-20, 25-27 

in bucket sort, 201-204 

compared with merge sort, 14 ex. 

compared with quicksort, 178 ex. 

decision tree for, 192 fig. 

in merge sort, 39 pr. 

in quicksort, 185 ex. 

using binary search, 39 ex. 
Insertion-Sort, 18, 26, 208 pr. 
instance 

of an abstract problem, 1051, 1054 

of a problem, 5 
instructions of the RAM model, 23 
integer data type, 23 

integer linear programming, 850, 895 pr., 

1101 ex. 
integers (Z), 1158 
integer-valued flow, 733 
integrality theorem, 734 
integral, to approximate summations, 

1154-1156 
integration of a series, 1 147 
interior of a polygon, 1020 ex. 



interior-point method, 850, 897 
intermediate vertex, 693 
internal node, 1176 
internal path length, 1 180 ex. 
interpolation by a cubic spline, 840 pr. 
interpolation by a polynomial, 901, 906 ex. 

at complex roots of unity, 912-913 
intersection 

of chords, 345 ex. 

determining, for a set of line segments, 

1021-1029, 1047 
determining, for two line segments, 

1017-1019 
of languages, 1058 
of sets (D), 1159 
interval, 348 

fuzzy sorting of, 189 pr. 
Interval-Delete, 349 
interval graph, 422 ex. 
Interval-Insert, 349 
Interval-Search, 349, 351 
Interval-Search-Exactly, 354 ex. 
interval tree, 348-354 
interval trichotomy, 348 
intractability, 1048 
invalid shift, 985 
inventory planning, 41 1 pr. 
" ^-ynverse 

a bijective function, 1167 
tj in a group, 940 
, < -0i matrix, 827-831, 842, 1223, 1225 ex. 

mufHplicative, modulo n, 949 
inversftm* 

in a sslf-organizing list, 476 pr. 
in a seq»ence, 41 pr., 122 ex., 345 ex. 
inverter, 107(jT > i. 
invertible matrijCi)223 
isolated vertex, 
isomorphic graphsf^nl 
iterated function, 63 pr. 
iterated logarithm function, 58-59 
ITERATIVE-FFT ,917 
Iterative-Tree-Search, 291 
iter function, 577 



Jarvis's march, 1037-1038, 
Jensen's inequality, 1199 
Johnson, 704 



1047 
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Johnson's algorithm, 700-706 
joining 

of red-black trees, 332 pr. 
2-3-4 trees, 503 pr. 
j^kft probability density function, 
Jos^Mu^ permutation, 355 pr. 




algorithm, 897 

um mean- weight cycle algorithm, 



l3 N iiAl£ 



Karma 
Karp's irft 

680 pr^. 
fc-ary tree, 1 
k -CNF, 1049 V 
fc -coloring, 1103 p)^Al 80 pr. 
fc -combination, 118y _ 
fc -conjunctive normal lorrrL, 1049 
kernel of a polygon, 103i?ex. 
key, 16, 147, 162, 229 y>' 
dummy, 397 >^ 
interpreted as a natural numbei\>263 
median, of a B-tree node, 493 
public, 959, 962 

secret, 959, 962 (C\ 
static, 277 
keywords, in pseudocode, 20-22 



multithreaded, 774, 776-777 
"killer adversary" for quicksort 
Kirchhoff 's current law, 708 
Kleene star (*), 1058 
KMP algorithm, 1002-1013 
KMP-MATCHER, 1005 
knapsack problem 

fractional, 426, 428 ex. 

0-1, 425, 427 ex., 1137 pr., 1139 
fc -neighbor tree, 338 
knot, of a spline, 840 pr. 
Knuth-Morris-Pratt algorithm, 1002- 
fc -permutation, 126, 1184 
Kraft inequality, 11 80 ex. 
Kruskal's algorithm, 631-633, 642 

with integer edge weights, 637 ex. 
fc-sorted, 207 pr. 
ifc-string, 1184 
fc-subset, 1161 
fc-substring, 1184 
fcfh power, 933 ex. 
fc -universal hashing, 284 pr. 

Lagrange's formula, 902 



Lagrange's theorem, 944 
Lame's theorem, 936 
language, 1057 

completeness of, 1077 ex. 
1 197 proving NP-completeness of, 1078-1079 

verification of, 1063 
last-in, first-out, 232 

see also stack 
late task, 444 
layers 

convex, 1044pr. 
maximal, 1045 pr. 
LCA,584pr. 

lcm (least common multiple), 939 ex. 
LCS,7, 390-397,413 
LCS-LENGTH,394 
leading submatrix, 833, 839 ex. 
leaf, 1176 

least common ancestor, 584 pr. 
least common multiple, 939 ex. 
least-squares approximation, 835-839 
leaving a vertex, 1 169 
leaving variable, 867 
Left, 152 
left child, 1 178 

left-child, right-sibling representation, 246, 
r\ 249 ex. 

^fcEFT-ROTATE, 313, 353 ex. 
O^ft rotation, 312 
le^yspine, 333 pr. 
lef^<@ree, 1178 
LegendfeNiymbol (^),982pr. 
length 

of apatH, 1170 
of a sequence, 1 166 
1013 of a spine, 3#3"j^r. 

of a string, 985m84 
level 

of a function, 573 
of a tree, 1 177 
level function, 576 
lexicographically less than, 304 pr. 
lexicographic sorting, 304 pr. 
lg (binary logarithm), 56 
lg* (iterated logarithm function), 58-59 
lg^ (exponentiation of logarithms), 56 
lg lg (composition of logarithms), 56 
LIFO (last-in, first-out), 232 



785- 
190 
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see also stack 
light edge, 626 
- r\ linear constraint, 846 
_ Jftiear dependence, 1223 
yifnear equality, 845 
lG^S^requations 

sertvjng modular, 946-950 
sow/mr systems of, 8 1 3-827 
solvmjLtridiagonal systems of, 840 pr. 
linear furQbfcn, 26, 845 
linear independence, 1223 
linear inequality^ 8*46 

linear-inequality ^feasibility problem, 894 pr. 

linearity of expectation, 1 198 

and indicator ranaam,variables, 1 19 

linearity of summationjO 146 

linear order, 1 165 

linear permutation, 1229^.^ 

linear probing, 272 

linear programming, 7, 
algorithms for, 850 
applications of, 849 
duality in, 879-886 
ellipsoid algorithm for, 850, 897 • S 
finding an initial solution in, 886-891 \_) 
fundamental theorem of, 892 
interior-point methods for, 850, 897 
Karmarkar's algorithm for, 897 
and maximum flow, 860-86 1 
and minimum-cost circulation, 896 pr. 
and minimum-cost flow, 861-862 
and minimum-cost multicommodity flow, 
864 ex. 

and multicommodity flow, 862-863 
simplex algorithm for, 864-879, 896 
and single-pair shortest path, 859-860 
and single-source shortest paths, 664—670 

863 ex. 
slack form for, 854-857 
standard form for, 850-854 
see also integer linear programming, 0- 1 
integer programming 

linear-programming relaxation, 1 125 

linear search, 22 ex. 

linear speedup, 780 

line segment, 1015 
comparable, 1022 
determining turn of, 1017 



determining whether any intersect, 

1021-1029, 1047 
determining whether two intersect, 

1017-1019 

link 

of binomial trees, 527 pr. 

of Fibonacci-heap roots, 513 

of trees in a disjoint-set forest, 570-571 
Link, 571 
linked list, 236-241 

compact, 245 ex., 250 pr. 

deletion from, 238 

to implement disjoint sets, 564-568 

insertion into, 237-238 

neighbor list, 750 

searching, 237, 268 ex. 

self-organizing, 476 pr. 
list, see linked list 
List-Delete, 238 
List-Delete', 238 
List-Insert, 238 
List-Insert', 240 
List-Search, 237 
List-Search', 239 
literal, 1082 

little-oh notation, 50-51, 64 
little-omega notation, 5 1 
yL m -distance, 1044ex. 



Or 

V>"Th (natural logarithm), 56 
■^d factor 
<xpr\ dynamic table, 463 

of^Tvash table, 258 
load rftlrafction, 23 
local variable, 21 
logarithm junction (log), 56-57 

discrete, 9$p\ 

iterated (lg*V5«-59 
logical parallelisTjv^77 
logic gate, 1070 <y 

longest common subsequence, 7, 390-397, 413 
longest palindrome subsequence, 405 pr. 
LONGEST-PATH, 1060 ex. 
LONGEST-PATH-LENGTH, 1060 ex. 
longest simple cycle, 1 101 ex. 
longest simple path, 1048 

in an unweighted graph, 382 

in a weighted directed acyclic graph, 404 pr. 
Lookup-Chain, 388 
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loop, in pseudocode, 20 
parallel, 785-787 
^ ripop invariant, 18-19 

>^£>r breadth-first search, 595 
yTOr building a heap, 157 
^ioosolidating the root list of a Fibonacci 
ltfSajp, 517 

for deWrmining the rank of an element in an 

ordef-slatistic tree, 342 
for Dijkstty^algorithm, 660 
and for lodp^p^ n. 

for the generict&nimum-spanning-tree 

method, 62?,^ 
for the generic pusn-felabel algorithm, 743 



for Graham's scan, 
forheapsort, 160 ex. 
for Horner's rule, 41 pr. 

i heap} 1 
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for increasing a key in a 
initialization of, 19 
for insertion sort, 1 
maintenance of, 19 
for merging, 32 

for modular exponentiation, 957 
origin of, 42 
for partitioning, 171 
for Prim's algorithm, 636 
for the Rabin-Karp algorithm, 993 
for randomly permuting an array, 127, 
128 ex. 

for red-black tree insertion, 318 

for the relabel-to-front algorithm, 755 

for searching an interval tree, 352 

for the simplex algorithm, 872 

for string-matching automata, 998, 1000 

and termination, 19 
low endpoint of an interval, 348 
lower bounds 

on approximations, 1140 

asymptotic, 48 

for average sorting, 207 pr. 

on binomial coefficients, 1186 

for comparting water jugs, 206 pr. 

for convex hull, 1038 ex., 1047 

for disjoint-set data structures, 585 

for finding the minimum, 214 

for finding the predecessor, 560 

for length of an optimal traveling-salesman 
tour, 1112-1115 



for median finding, 227 

for merging, 208 pr. 

for minimum-weight vertex cover, 

1124-1126 
for multithreaded computations, 780 
and potential functions, 478 
for priority-queue operations, 53 1 
and recurrences, 67 

for simultaneous minimum and maximum, 
215 ex. 

for size of an optimal vertex cover, 1110, 
1135pr. 

for sorting, 191-194, 205 pr., 211, 531 
for streaks, 136-138, 142ex. 
on summations, 1152, 1154 
lower median, 213 
lower square root (ij ), 546 
lower-triangular matrix, 1219, 1222 ex., 

1225 ex. 
low function, 537, 546 
LU decomposition, 806 pr., 819-822 
LU-DECOMPOSITION, 821 
LUP decomposition, 806 pr., 815 
computation of, 822-825 
of a diagonal matrix, 827 ex. 
in matrix inversion, 828 
and matrix multiplication, 832 ex. 
of a permutation matrix, 827 ex. 



% 

\Vuseof, 815-819 

Ltip-DECOMPOSITION, 824 
LL^S)OLVE,817 

main meTnjJfy 484 
MAKE-HSAP, 505 
Make-Set,«661 

disjoint-set- ff>re)st implementation of, 571 
linked-list implementation of, 564 
makespan, 1 1 36 pr. 
Make-Tree, 583 ptf? 
Manhattan distance, 225 pr., 1044 ex. 
marked node, 508, 519-520 
Markov's inequality, 1201 ex. 
master method for solving a recurrence, 93-97 
master theorem, 94 
proof of, 97-106 
matched vertex, 732 
matching 

bipartite, 732, 763 pr. 
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maximal, 1110, 1 1 35 pr. 
maximum, 1135pr. 
, r\ and maximum flow, 732-736, 747 ex. 
>^ perfect, 735 ex. 
\/ of strings, 985-1013 
C^e ighted bipartite, 530 
ma^IcSmatroid, 437 
matr1fx/<+217-1229 
addiSicjLif, 1220 
adjacekcy, 591 

conjugatinplnspose of, 832 ex. 
determinant^, '1224-1225 
diagonal, 12r8,A. 
Hermitian, 8 32 ex. _ 
identity, 1218 tj* 
incidence, 448 pr., 5#3ex. 
inversion of, 806 pr., 827>§31, 842 
lower- triangular, 1219, i228^ex., 1225 ex. 
multiplication of, see matrix multiplication 
negative of, 1220 V"* v 

permutation, 1220, 1222 ex. 
predecessor, 685 

product of, with a vector, 785-787r 789-790, 

792 ex. 
pseudoinverse of, 837 
scalar multiple of, 1220 
subtraction of, 1221 



symmetric, 1220 

symmetric positive-definite, 832-835, 842 

Toeplitz, 921 pr. 

transpose of, 797 ex., 1217 

transpose of, multithreaded, 792 ex. 

tridiagonal, 1219 

unit lower-triangular, 1219 

unit upper-triangular, 1219 

upper-triangular, 1219, 1225 ex. 

Vandermonde, 902, 1226 pr. 
matrix-chain multiplication, 370-378 
Matrix-Chain-Multiply 
Matrix-Chain-Order, 375 
matrix multiplication, 75-83, 1221 

for all-pairs shortest paths, 686-693, 
706-707 

boolean, 832 ex. 

and computing the determinant, 832 ex. 
divide-and-conquer method for, 76-83 
and LUP decomposition, 832 ex. 
and matrix inversion, 828-831, 842 




multithreaded algorithm for, 792-797, 

806 pr. 
Pan's method for, 82 ex. 
Strassen's algorithm for, 79-83, 111-112 
Matrix-Multiply, 371 
matrix-vector multiplication, multithreaded, 
785-787, 792 ex. 
with race, 789-790 
matroid, 437^143, 448 pr„ 450, 642 

for task scheduling, 443-446 
MAT-VEC, 785 
Mat- Vec-M ain-Loop, 786 
Mat- Vec-Wrong, 790 
MAX-CNF satisfiability, 1127 ex. 
MAX-CUT problem, 1 127 ex. 
Max-Flow-By-Scaling, 763 pr. 
max-flow min-cut theorem, 723 
max- heap, 152 
building, 156-159 
rf-ary, 167 pr. 
deletion from, 166 ex. 
extracting the maximum key from, 163 
inheapsort, 159-162 
increasing a key in, 163-164 
insertion into, 164 
maximum key of, 163 
as a max-priority queue, 162-166 
mergeable, 250 n., 481 n., 505 n. 
HEAPIFY, 154 
Heap-Insert, 164 
ding a heap with, 166 pr. 
max-ifiBsp property, 152 

marmeHSnce of, 154-156 
maximaS-element, of a partially ordered set, 

1 165 • 
maximal lay^rs^.l045pr. 
maximal matchffigv 1 1 10, 1 135 pr. 
maximal point, rfra&pr. 
maximal subset, in^matroid, 438 
maximization linear program, 846 

and minimization linear programs, 852 
maximum, 213 

in binary search trees, 291 
of a binomial distribution, 1207 ex. 
in a bit vector with a superimposed binary 
tree, 533 

in a bit vector with a superimposed tree of 
constant height, 535 
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finding, 214-215 
in heaps, 163 

in order-statistic trees, 347 ex. 



' Jfti proto van Emde Boas structures, 544 ex. 
y<m red-black trees, 311 
SN^nJimde Boas trees, 550 
MAX^M, 162-163, 230 
maximuti^bipartite matching, 732-736, 
747^8^-766 
HopcroAfkarp algorithm for, 763 pr. 
maximum degrep, in a Fibonacci heap, 509, 

523-526 y>' 
maximum flow, 708r%6 

Edmonds-Karp algorithm for, 727-730 
Ford-Fulkerson me&SrJipr, 714-731, 765 
as a linear program, 8<MP861 
and maximum bipartite makJhing, 732-736, 
747 ex. 

push-relabel algorithms for,v36>-760, 765 
relabel-to-front algorithm for, \^&^760 
scaling algorithm for, 762 pr. , 76^^ 



0 
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updating, 762 pr. 
maximum matching, 1 1 35 pr. 
maximum spanning tree, 1 137pr. 
maximum-subarray problem, 68-75 
max- priority queue, 162 
MAX-3-CNF satisfiability, 1 123-1 124 
MAYBE-MST-A, 641 pr. 
MAYBE-MST-B, 641 pr. 
MAYBE-MST-C, 641 pr. 
mean, see expected value 
mean weight of a cycle, 680 pr. 
median, 213-227 

multithreaded algorithm for, 805 ex. 
of sorted lists, 223 ex. 
of two sorted lists, 804 ex. 
weighted, 225 pr. 
median key, of a B-tree node, 493 
median-of-3 method, 188pr. 
member of a set (e), 1 158 
membership 

in proto van Emde Boas structures, 540-541 
in Van Emde Boas trees, 550 
memoization, 365, 387-389 
Memoized-Cut-Rod, 365 
Memoized-Cut-Rod-Aux, 366 
Memoized-Matrix-Chain, 388 
memory, 484 



memory hierarchy, 24 
Merge, 31 

mergeable heap, 48 1 , 505 
binomial heaps, 527 pr. 
linked-list implementation of, 250 pr. 
relaxed heaps, 530 

running times of operations on, 506 fig. 
2-3-4 heaps, 529 pr. 
see also Fibonacci heap 
mergeable max-heap, 250 n., 481 n., 505 n. 
mergeable min-heap, 250 n., 481 n., 505 
MERGE-LlSTS, 1129 
merge sort, 12, 30-37 

compared with insertion sort, 14 ex. 
multithreaded algorithm for, 797-805, 812 
use of insertion sort in, 39 pr. 
MERGE-SORT, 34 
MERGE-SORT', 797 
merging 

of k sorted lists, 166 ex. 
lower bounds for, 208 pr. 
multithreaded algorithm for, 798-801 
of two sorted arrays, 30 
Miller-Rabin, 970 
Miller-Rabin primality test, 968-975, 983 
MlN-GAP, 354 ex. 
min-heap, 153 

analyzed by potential method, 462 ex. 
ilding, 156-159 
,706pr. 

kstra's algorithm, 662 
in Huffman's algorithm, 433 
in JorWsfM's algorithm, 704 
mergeable, 250 n., 481 n., 505 
as a min-p*iority queue, 165 ex. 
in Prim's alg^rrjhm, 636 
MlN-HEAPIFY/l^frex. 
Min-Heap-Inser^+65 ex. 
min-heap ordering, Su^P 
min-heap property, 153, 507 
maintenance of, 156 ex. 
in treaps, 333 pr. 

vs. binary-search-tree property, 289 ex. 
minimization linear program, 846 

and maximization linear programs, 852 
minimum, 213 

in binary search trees, 291 
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in a bit vector with a superimposed binary 
tree, 533 

in a bit vector with a superimposed tree of 

constant height, 535 
in B-trees, 497 ex. 
Qh Fibonacci heaps, 511 
%lffing, 214-215 
offysw, 582 pr. 

statistic trees, 347 ex. 

Emde Boas structures, 541-542 
trees, 311 
;an£529pr. 



in of 
in prof 
in red-blSc 
in 2-3-4 he; 

in van Emde N BoAs trees, 550 
MINIMUM, 162, 2<r^230, 505 
minimum-cost circvkatlcm, 896 pr. 
minimum-cost flow, 8(?P862 
minimum-cost multicommjkuty flow, 864 ex 
minimum-cost spanning tree^S^e minimum 

731 ex. 



spanning tree 
minimum cut, 721 
minimum degree, of a B-tree, 48 
minimum mean-weight cycle, 680 pf^) 
minimum node, of a Fibonacci heap/508 
minimum path cover, 761 pr. 
minimum spanning tree, 624-642 
in approximation algorithm for 

traveling-salesman problem, 1112 
Boriivka's algorithm for, 641 
on dynamic graphs, 637 ex. 
generic method for, 625-630 
Kruskal's algorithm for, 631-633 
Prim's algorithm for, 634—636 
relation to matroids, 437, 439-440 
second-best, 638 pr. 
minimum-weight spanning tree, see minimum 

spanning tree 
minimum-weight vertex cover, 1 124— 1 127, 
1139 

minor of a matrix, 1224 
min-priority queue, 162 

in constructing Huffman codes, 431 

in Dijkstra's algorithm, 661 

in Prim's algorithm, 634, 636 
miss, 449 pr. 
missing child, 1178 
mod, 54, 928 
modifying operation, 230 
modular arithmetic, 54, 923 pr., 939-946 



modular equivalence, 54, 1 165 ex. 
modular exponentiation, 956 
Modular-Exponentiation, 957 
modular linear equations, 946-950 
Modular-Linear-Equation-Solver, 
949 

modulo, 54, 928 
Monge array, HOpr. 
monotone sequence, 168 
monotonically decreasing, 53 
monotonically increasing, 53 
Monty Hall problem, 1 195 ex. 
move-to-front heuristic, 476 pr., 478 
MST-KRUSKAL,631 
MST-PRIM, 634 
MST-REDUCE,639pr. 
much-greater-than (S>), 574 
much-less-than (<^C), 783 
multicommodity flow, 862-863 

minimum-cost, 864 ex. 
multicore computer, 772 
multidimensional fast Fourier transform, 

921 pr. 
multigraph, 1172 

converting to equivalent undirected graph, 
593 ex. 
multiple, 927 

of an element modulo n, 946-950 



least common, 939 ex. 
tjicalar, 1220 
iHtflmile assignment, 21 
multvpTb sources and sinks, 712 
multiplicjtfion 

of complex numbers, 83 ex. 

divide-atid-conquer method for, 920 pr. 

of matrice^~?)ee matrix multiplication 

of a matrix cbratn, 370-378 

matrix-vectorTratfttithreaded, 785-787 
789-790, 792^? 

modulo n (•„), 940 

of polynomials, 899 
multiplication method, 263-264 
multiplicative group modulo n, 941 
multiplicative inverse, modulo n, 949 
multiply instruction, 23 
MULTIPOP,453 
multiprocessor, 772 
MuLTiPUSH,456ex. 
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multiset, 1 158 n. 

multithreaded algorithm, 10, 772-812 
, r\ for computing Fibonacci numbers, 774—780 
Jfer fast Fourier transform, 804 ex. 
yFloyd-Warshall algorithm, 797 ex. 
decomposition, 806 pr. 
fotyKBP decomposition, 806 pr. 
for rriaffNL inversion, 806 pr. 
for matntmultiplication, 792-797, 806 pr. 
for matrix^M anspose, 792 ex., 797 ex. 
for matrix-Vecior product, 785-787, 



789-790, 70^fex. 
for median, 803 g*k 
for merge sorting,y792-805 
for merging, 798-8WT 
for order statistics, 80#ex>. 
for partitioning, 804 ex. 



812 



for prefix computation 
for quicksort, 811 pr. 
for reduction, 807 pr. 
for a simple stencil calculation, 8f59"pr. 
for solving systems of linear equati*fi^\ 
806 pr. 

Strassen's algorithm, 795-796 
multithreaded composition, 784 fig. 
multithreaded computation, 777 
multithreaded scheduling, 781-783 
mutually exclusive events, 1190 
mutually independent events, 1193 



N (set of natural numbers), 1 158 

naive algorithm, for string matching, 988-990 

Naive-String-Matcher, 988 

natural cubic spline, 840 pr. 

natural numbers (N), 1 158 

keys interpreted as, 263 
negative of a matrix, 1220 
negative-weight cycle 

and difference constraints, 667 

and relaxation, 677 ex. 

and shortest paths, 645, 653-654, 692 ex., 
700 ex. 

negative-weight edges, 645-646 
neighbor, 1 172 
neighborhood, 735 ex. 
neighbor list, 750 
nested parallelism, 776, 805 pr. 
nesting boxes, 678 pr. 



Y 



net flow across a cut, 720 
network 

admissible, 749-750 
flow, see flow network 
residual, 715-719 
for sorting, 811 
Next-To-Top, 1031 

NIL, 21 
node, 1 176 

see also vertex 
nonbasic variable, 855 

nondeterministic multithreaded algorithm, 787 
nondeterministic polynomial time, 1064 n. 

see also NP 
nonhamiltonian graph, 1061 
noninstance, 1056 n. 
noninvertible matrix, 1223 
nonnegativity constraint, 851, 853 
nonoverlappable string pattern, 1002 ex. 
nonsaturating push, 739, 745 
nonsingular matrix, 1223 
nontrivial power, 933 ex. 
nontrivial square root of 1, modulo n, 956 
no-path property, 650, 672 
normal equation, 837 
norm of a vector, 1222 
QNOT function (-.), 1071 
/*ot a set member (^), 1 158 
\JHOt equivalent (^), 54 
NQPeate, 1070 

NP^f^iplexity class), 1049, 1064, 1066ex., 
11/33) 

NPC (c3lfjrj4£xity class), 1050, 1069 
NP-comptete, 1050, 1069 
NP-completaness, 9-10, 1048-1 105 
of the circuit^sajlisfiability problem, 

1070-1077" r\ 
of the clique pror^W 1086-1089, 1105 
of determining whether a boolean formula is 

a tautology, 1086 ex. 
of the formula-satisfiability problem, 

1079-1081, 1105 
of the graph-coloring problem, 1 103 pr. 
of the half 3-CNF satisfiability problem, 
1101 ex. 

of the hamiltonian-cycle problem, 

1091-1096, 1105 
of the hamiltonian-path problem, 1 101 ex. 
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of the independent-set problem, 1101 pr. 
of integer linear programming, 1 101 ex. 
, f\ of the longest-simple-cycle problem, 

vX 1101eX - 

proving, of a language, 1078-1079 
Qif scheduling with profits and deadlines, 
^04 pr. 

ofrlj^et-covering problem, 1122 ex. 
-partition problem, 1 101 ex. 
Bgraph-isomorphism problem, 



ofthVi 
of the 

liooa 

of the subssfcsum problem, 1097-1 100 
of the 3-CNP-|i»^fiability problem 

1096-1097 
of the vertex-cover prohjkfh, 1089-1091, 
1105 

of 0-1 integer programming, M00 ex. 
NP-hard, 1069 <^> 
n-set, 1161 

n-tuple, 1 162 (C\ 
null event, 1 190 
null tree, 1178 
null vector, 1224 
number-field sieve, 984 
numerical stability, 813, 815, 842 
n -vector, 1218 



1167 



1082-1085, tf05 
of the traveling-salMrnan problem, 



o-notation, 50-51, 64 
O-notation, 45 fig., 47-48, 64 
O '-notation, 62 pr. 

0- notation, 62 pr. 
object, 21 

allocation and freeing of, 243-244 

array implementation of, 241-246 

passing as parameter, 21 
objective function, 664, 847, 851 
objective value, 847, 85 1 
oblivious compare-exchange algorithm, 208 pr. 
occurrence of a pattern, 985 
Off-Line-Minimum, 583 pr. 
off-line problem 

caching, 449 pr. 

least common ancestors, 584 pr. 
minimum, 582 pr. 
Omega-notation, 45 fig., 48^19, 64 

1 - approximation algorithm, 1107 



one-pass method, 585 
one-to-one correspondence, 
one-to-one function, 1167 
on-line convex-hull problem, 1039 ex. 
on-line hiring problem, 139-141 
On-Line-Maximum, 140 
on-line multithreaded scheduler, 78 1 
ON-SEGMENT, 1018 
onto function, 1 167 
open-address hash table, 269-277 

with double hashing, 272-274, 277 ex. 
with linear probing, 272 
with quadratic probing, 272, 283 pr. 
open interval, 348 
OpenMP, 774 

optimal binary search tree, 397-404, 413 
OPTIMAL-BST,402 
optimal objective value, 85 1 
optimal solution, 85 1 
optimal subset, of a matroid, 439 
optimal substructure 

of activity selection, 416 
of binary search trees, 399-400 
in dynamic programming, 379-384 
of the fractional knapsack problem, 426 
in greedy algorithms, 425 
of Huffman codes, 435 
of longest common subsequences, 392-393 
of matrix-chain multiplication, 373 
\j of rod-cutting, 362 
y^^hortest paths, 644-645, 687, 693-694 
of/dflyveighted shortest paths, 382 
of wej^fited matroids, 442 
of the>0-l knapsack problem, 426 
optimal vertex cover, 1 108 
optimization (^blem, 359, 1050, 1054 
approximatio/TJJgorithms for, 10, 



1106-1 140^- 



rdqlcn 



and decision problems, 1051 
OR function (V), 697, 1071 
order 

of a group, 945 

linear, 1165 

partial, 1165 

total, 1165 
ordered pair, 1161 
ordered tree, 1 177 
order of growth, 28 
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order statistics, 213-227 
dynamic, 339-345 



multithreaded algorithm for, 805 ex. 



J or4fer-statistic tree, 339-345 
^querying, 347 ex. 
O^te^l070 
origiiv(^rel5 
or, in jJsaffiipcode, 22 
orthonormcn_842 
OS-Key-R^k^ 344 ex. 
OS-Rank, 3*2) 
OS-Select, 34J>' 
out-degree, 1169 
outer product, 1222<r _ 
output \J 

of an algorithm, 5 

of a combinational circuji^O^l 

of a logic gate, 1070 
overdetermined system of line 
overflow 

of a queue, 235 

of a stack, 233 
overflowing vertex, 736 

discharge of, 75 1 
overlapping intervals, 348 

finding all, 354 ex. 

point of maximum overlap, 354 pr. 
overlapping rectangles, 354 ex. 
overlapping subproblems, 384—386 
overlapping-suffix lemma, 987 



eauations, 814 



6 



P (complexity class), 1049, 1055, 1059, 

1061 ex., 1105 
package wrapping, 1037, 1047 
page on a disk, 486, 499 ex., 502 pr. 
pair, ordered, 1161 
pairwise disjoint sets, 1 161 
pairwise independence, 1193 
pairwise relatively prime, 93 1 
palindrome, 405 pr. 

Pan's method for matrix multiplication, 82 1 
parallel algorithm, 10, 772 

see also multithreaded algorithm 
parallel computer, 772 

ideal, 779 
parallel for, in pseudocode, 785-786 
parallelism 

logical, 777 



of a multithreaded computation, 780 
nested, 776 

of a randomized multithreaded algorithm, 
811pr. 

parallel loop, 785-787, 805 pr. 
parallel -machine-scheduling problem, 1136 pr. 
parallel prefix, 807 pr. 
parallel random-access machine, 811 
parallel slackness, 781 

rule of thumb, 783 
parallel, strands being logically in, 778 
parameter, 21 

costs of passing, 107 pr. 
parent 

in a breadth-first tree, 594 
in a multithreaded computation, 776 
in a rooted tree, 1 176 
Parent, 152 

parenthesis structure of depth-first search, 606 
parenthesis theorem, 606 
parenthesization of a matrix-chain product, 370 
parse tree, 1082 
partially ordered set, 1 165 
partial order, 1165 
\J . Partition, 171 
\/ Partition', 186pr. 
^"^partition function, 361 n. 
/partitioning, 171-173 
X^^around median of 3 elements, 185 ex. 
\0oare's method for, 185 pr. 
oiffltkhreaded algorithm for, 804 ex. 
randpfftized, 179 



partitiorT&p^set, 1161, 1164 
Pascal's triangle, 1188 ex. 
path, 1170 • 

augmenting, (7TS-720, 763 pr. 

critical, 657 (~\ 

find, 569 

hamiltonian, 1066^4? 

longest, 382, 1048 

shortest, see shortest paths 

simple, 1170 

weight of, 643 
PATH, 1051, 1058 
path compression, 569 
path cover, 76 1 pr. 

path length, of a tree, 304 pr., 11 80 ex. 
path-relaxation property, 650, 673 
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pattern, in string matching, 985 

nonoverlappable, 1002 ex. 
- r\ pattern matching, see string matching 
^ i&nalty, 444 

\perfect hashing, 277-282, 285 
p^$£ec£ linear speedup, 780 
per&cl) matching, 735 ex. 
pernrutfftion, 1167 

bit-rtrtfejsal, 472 pr., 918 

Josephvs^ 355 pr. 

fc-permul<ffi5)n, 126, 1184 

linear, 1229>n^' 

in place, 126^ 

random, 124-138 

of a set, 1184 

uniform random, 1 lfri25 
permutation matrix, 1220^^2*22 ex., 1226 ex. 

LUP decomposition of, 82P^x. 
Permute-By-Cyclic, 129-ex,> 
Permute-By-Sorting, 125 
Permute-With-All, 129ex. 
Permute- Without-Identity, 1~ 
persistent data structure, 331 pr., 482" 
Persistent-Tree-Insert, 331 pr. 
PERT chart, 657, 657 ex. 
P-FIB,776 

phase, of the relabel-to-front algorithm, 758 
phi function (</>(«)), 943 
PlSANO-DELETE, 526 pr. 
pivot 

in linear programming, 867, 869-870, 
878 ex. 

in LU decomposition, 821 

in quicksort, 171 
Pivot, 869 
platter, 485 

P-Matrix-Multiply-Recursive, 794 
P-Merge, 800 
P-Merge-Sort,803 
pointer, 2 1 

array implementation of, 241-246 

trailing, 295 
point- value representation, 90 1 
polar angle, 1020 ex. 

Pollard's rho heuristic, 976-980, 980 ex., 984 
Pollard-Rho, 976 
polygon, 1020 ex. 
kernel of, 1038 ex. 



star-shaped, 1038 ex. 
polylogarithmically bounded, 57 
polynomial, 55, 898 
addition of, 898 
asymptotic behavior of, 61 pr. 
coefficient representation of, 900 
derivatives of, 922 pr. 
evaluation of, 41 pr., 900, 905 ex., 923 pr. 
interpolation by, 901, 906 ex. 
multiplication of, 899, 903-905, 920 pr. 
point- value representation of, 90 1 
polynomial-growth condition, 1 13 
polynomially bounded, 55 
poly normally related, 1056 
polynomial- time acceptance, 1058 
polynomial- time algorithm, 927, 1048 
polynomial-time approximation scheme, 1107 

for maximum clique, 1 134pr. 
polynomial-time computability, 1056 
polynomial-time decision, 1059 
polynomial-time reducibility (<p), 1067, 
1077 ex. 

polynomial-time solvability, 1055 
polynomial-time verification, 1061-1066 
POP, 233, 452 

pop from a run- time stack, 188 pr. 
positional tree, 1178 
"✓-^positive-definite matrix, 1225 
X^fjost-office location problem, 225 pr. 
*vgfcretorder tree walk, 287 
oefreikial function, 459 

fojToiwer bounds, 478 
poteiWp<Jethod, 459^63 
for bmary counters, 461-462 
for disjaint-set data structures, 575-581, 

582 ex. O. 
for dynamic taTJies, 466-47 1 
for FibonacciS^s, 509-512, 517-518, 

520-522 <? 
for the generic push-relabel algorithm, 746 
for min-heaps, 462 ex. 
for restructuring red-black trees, 474 pr. 
for self-organizing lists with move-to-front, 
476 pr. 

for stack operations, 460-461 
potential, of a data structure, 459 
power 

of an element, modulo n, 954-958 



Index 



k\h, 933 ex. 
non trivial, 933 ex. 
< nspwer series, 108 pr. 
M>pster set, 1161 

P^f } (probability distribution), 1 190 

PR<^>L811 

predee^sjor 

in bmao>>search trees, 291-292 

lor with a superimposed binary 



in a biVvg 
tree, 5 



in a bit vecto^vifh a superimposed tree of 

constant he^a&C535 
in breadth-firsrtre^s, 594 
in B-trees, 497 exjr _ 
in linked lists, 236 VJ v 
in order-statistic trees/547 ex. 
in proto van Emde Boas^piictures, 544 ex. 
in red-black trees, 311 ^\ 
in shortest- paths trees, 647 >■ > 
in Van Emde Boas trees, 551-s^ 



Predecessor, 230 
predecessor matrix, 685 
predecessor subgraph 

in all-pairs shortest paths, 685 

in breadth-first search, 600 

in depth-first search, 603 

in single-source shortest paths, 647 
predecessor-subgraph property, 650, 676 
preemption, 447 pr. 
prefix 

of a sequence, 392 

of a string (C), 986 
prefix code, 429 
prefix computation, 807 pr. 
prefix function, 1003-1004 
prefix-function iteration lemma, 1007 
preflow, 736, 765 
preimage of a matrix, 1228 pr. 
preorder, total, 1 165 
preorder tree walk, 287 
presorting, 1043 
Prim's algorithm, 634-636, 642 

with an adjacency matrix, 637 ex. 

in approximation algorithm for 
traveling-salesman problem, 1112 

implemented with a Fibonacci heap, 636 

implemented with a min-heap, 636 

with integer edge weights, 637 ex. 
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similarity to Dijkstra's algorithm, 634, 662 
for sparse graphs, 638 pr. 
primality testing, 965-975, 983 
Miller-Rabin test, 968-975, 983 
pseudoprimality testing, 966-968 
primal linear program, 880 
primary clustering, 272 
primary memory, 484 
prime distribution function, 965 
prime number, 928 

density of, 965-966 
prime number theorem, 965 
primitive root of Z*, 955 
principal root of unity, 907 
principle of inclusion and exclusion, 1 163 ex. 
Print- All-Pairs-Shortest- Path, 685 
Print-Cut-Rod-Solution, 369 
Print-Intersecting-Segments, 1028 ex. 
Print-LCS,395 
Print-Optimal-Parens, 377 
Print- Path, 601 
Print-Set, 572 ex. 
priority queue, 162-166 

in constructing Huffman codes, 43 1 
in Dijkstra's algorithm, 661 
heap implementation of, 162-166 
^\ lower bounds for, 531 
^-Ninax-priority queue, 162 
O^min- priority queue, 162, 165 ex. 
t^rth monotone extractions, 168 
ur^Prjm's algorithm, 634, 636 
proti/Vsn Emde Boas structure 
irnplefKtatation of, 538-545 
van EnMe Boas tree implementation of, 
531-56i 

see also bina^y^earch tree, binomial heap, 

Fibonacci he/tp\ 
probabilistically cnSpikible proof, 1105, 1140 
probabilistic analysis£M5-l 16, 130-142 
of approximation algorithm for 

MAX-3-CNF satisfiability, 1 124 
and average inputs, 28 
of average node depth in a randomly built 

binary search tree, 304 pr. 
of balls and bins, 133-134 
of birthday paradox, 130-133 
of bucket sort, 201-204, 204 ex. 
of collisions, 261 ex., 282ex. 
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of convex hull over a sparse-hulled 
distribution, 1046 pr. 
( r\ of file comparison, 995 ex. 

of fuzzy sorting of intervals, 189pr. 
<S of hashing with chaining, 258-260 
Qif height of a randomly built binary search 
x^e, 299-303 

oflunng problem, 120-121, 139-141 

of insertion into a binary search tree with 
equajjeeys, 303 pr. 

of longeSwjiobe bound for hashing, 282 pr. 

of lower boup&'for sorting, 205 pr. 

of Miller-Rabjn^rimality test, 971-975 

and multifhreackra algorithms, 81 1 pr. 

of on-line hiring parolem, 139-141 

of open-address hasmng, 274—276, 277 ex. 

of partitioning, 1796x^5 ex., 187-188 pr. 

of perfect hashing, 279-282^ 

of Pollard's rho heuristic,^977>-980 

of probabilistic counting, 14*^3^. 

of quicksort, 181-184, 187-18{fp>., 303 ex. 

of Rabin-Karp algorithm, 994 

and randomized algorithms, 123-T24 

of randomized selection, 217-219, 256 ni£ 

of searching a compact list, 250 pr. \_) « 

of slot-size bound for chaining, 283 pr. 

of sorting points by distance from origin, (~\ 
204 ex. (~\ 

of streaks, 135-139 

of universal hashing, 265-268 
probabilistic counting, 143 pr. 
probability, 1189-1196 
probability density function, 1 196 
probability distribution, 1 190 
probability distribution function, 204 ex. 
probe sequence, 270 
probing, 270, 282 pr. 

see also linear probing, quadratic probing, 
double hashing 
problem 

abstract, 1054 

computational, 5-6 

concrete, 1055 

decision, 1051, 1054 

intractable, 1048 

optimization, 359, 1050, 1054 

solution to, 6, 1054-1055 

tractable, 1048 



procedure, 6, 16-17 
product (J]), 1 148 
Cartesian, 1162 
cross, 1016 
inner, 1222 

of matrices, 1221, 1226ex. 
outer, 1222 
of polynomials, 899 
rule of, 1184 
scalar flow, 7 14 ex. 
professional wrestler, 602 ex. 
program counter, 1073 
programming, see dynamic programming, 

linear programming 
proper ancestor, 1176 
proper descendant, 1176 
proper subgroup, 944 
proper subset (C), 1 159 
proto van Emde Boas structure, 538-545 
cluster in, 538 

compared with van Emde Boas trees, 547 
deletion from, 544 
insertion into, 544 
maximum in, 544 ex. 
membership in, 540-541 
minimum in, 541-542 
predecessor in, 544 ex. 
successor in, 543-544 
summary in, 540 

to- vEB -Insert, 544 
Cf^o-vEB -Member, 541 
ProtonvEB-Minimum, 542 
proto-VEBTstructure, see proto van Emde Boas 

structure 
Proto-v!B-Successor,543 
prune-and-se&cji method, 1030 



pruning a FibonflCsi heap, 529 pr. 
P-SCAN-l,808p^S 
P-SCAN-2,808pr.V > 
P-SCAN-3,809pr. 
P-SCAN-Do\VN,809pr. 
P-SCAN-UP,809pr. 
pseudocode, 16, 20-22 
pseudoinverse, 837 
pseudoprime, 966-968 
PSEUDOPRIME, 967 
pseudorandom-number generator, 1 17 
P-Square-Matrix-Multiply,793 
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P-TRANSPOSE,792ex. 
public key, 959, 962 
- naublic-key cryptosystem, 958-965, 983 

^push-relabel operation, 739 
fi^k operation, 233, 452 
push ^nt!j> a run-time stack, 188 pr. 
push operation (in push-relabel algorithms), 

738^732 

nonsaturQwe, 739, 745 



saturating, 



745 



push-relabel algorifcnm, 736-760, 765 
basic operations j»W73 8-740 
by discharging an>tfSverflowing vertex of 



maximum height 
to find a maximum bi 
747 ex. 




te matching, 



gap heuristic for, 760 ex., 760^ 
generic algorithm, 740-748 n i 
with a queue of overflowing v^Jifces, 759 ex. 
relabel-to-front algorithm, 748-7^0^ 



quadratic function, 27 
quadratic probing, 272, 283 pr. 
quadratic residue, 982 pr. 
quantile, 223 ex. 
query, 230 
queue, 232, 234-235 

in breadth-first search, 595 

implemented by stacks, 236 ex. 

linked-list implementation of, 240 ex. 

priority, see priority queue 

in push-relabel algorithms, 759 ex. 
quicksort, 170-190 

analysis of, 174-185 

average-case analysis of, 181-184 

compared with insertion sort, 178 ex. 

compared with radix sort, 199 

with equal element values, 186 pr. 

good worst-case implementation of, 223 ex 

"killer adversary" for, 190 

with median-of-3 method, 188pr. 

multithreaded algorithm for, 811 pr. 

randomized version of, 179-180, 187 pr. 

stack depth of, 188 pr. 

tail-recursive version of, 188 pr. 

use of insertion sort in, 185 ex. 

worst-case analysis of, 180-181 



Quicksort, 171 
Quicksort', 186pr. 
quotient, 928 

R (set of real numbers), 1158 
Rabin-Karp algorithm, 990-995, 1013 
Rabin-K arp-Matcher, 993 
race, 787-790 
Race-Example, 788 
radix sort, 197-200 

compared with quicksort, 199 
Radix-Sort, 198 
radix tree, 304 pr. 
RAM, 23-24 
Random, 117 

random-access machine, 23-24 

parallel, 811 
randomized algorithm, 116-117, 122-130 
and average inputs, 28 
comparison sort, 205 pr. 
for fuzzy sorting of intervals, 189 pr. 
for hiring problem, 123-124 
for insertion into a binary search tree with 

equal keys, 303 pr. 
for MAX-3-CNF satisfiability, 1 123-1 124, 
1139 

Miller-Rabin primality test, 968-975, 983 
"O-N multithreaded, 811pr. 
O^or partitioning, 179, 185 ex., 187-1 88 pr. 
\Q>t permuting an array, 124—128 
^[j^-d's rho heuristic, 976-980, 980 ex., 

ilistic analysis, 123-124 
179-180, 185 ex., 187-188pr. 
randomized rounding, 1 1 39 
for searchingfa^ompact list, 250 pr. 
for selection, 2 lr?\220 
universal hashing^265-268 
worst-case perforrnjince of, 180 ex. 
Randomized-Hire-Assistant, 124 
Randomized-Partition, 179 
Randomized-Quicksort, 179, 303 ex. 
relation to randomly built binary search 
trees, 304 pr. 
randomized rounding, 1139 
Randomized-Select,216 
Randomize-In-Place, 126 



and p: 
quickso v 
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randomly built binary search tree, 299-303, 
304 pr. 

^ r\ random-number generator, 117 
^ >g|ndom permutation, 1 24- 128 
^ uniform, 116, 125 
R^JDOM-SAMPLE, 130 ex. 
randtOTi sampling, 129 ex., 179 
RAI>J6^M-SEARCH, 143 pr. 
randorfHferiable, 1196-1201 

indicatory st 1 e indicator random variable 
range, 1 \(fK~^ 

of a matrix,U^8 pr. 
rank * 

column, 1223 •< _ 
full, 1223 

of a matrix, 1223, 122oex. 
of a node in a disjointTse£forest, 569, 575, 
581 ex. 

of a number in an orderecr«eU300, 339 
in order-statistic trees, 341-^,^44-345 ex. 



row, 1223 
rate of growth, 28 
ray, 1021 ex. 
RB-DELETE,324 
RB-DELETE-FlXUP, 326 
RB-ENUMERATE, 348 ex, 
RB -Insert, 315 

RB-lNSERT-FlXUP, 316 
RB-JOIN, 332 pr. 
RB -Transplant, 323 
reachability in a graph (~»), 1170 
real numbers (R), 1158 

reconstructing an optimal solution, in dynamic 
programming, 387 

record, 147 

rectangle, 354 ex. 

recurrence, 34, 65-67, 83-113 

solution by Akra-Bazzi method, 112-113 
solution by master method, 93-97 
solution by recursion-tree method, 88-93 
solution by substitution method, 83-88 

recurrence equation, see recurrence 

recursion, 30 

recursion tree, 37, 88-93 

in proof of master theorem, 98-100 
and the substitution method, 91-92 

Recursive-Activity-Selector, 419 

recursive case, 65 



Recursive-FFT,911 
Recursive-Matrix-Chain, 385 
red-black tree, 308-338 
augmentation of, 346-347 
compared with B-trees, 484, 490 
deletion from, 323-330 
in determining whether any line segments 

intersect, 1024 
for enumerating keys in a range, 348 ex. 
height of, 309 
insertion into, 315-323 
joining of, 332 pr. 
maximum key of , 3 1 1 
minimum key of , 3 1 1 
predecessor in, 31 1 
properties of, 308-312 
relaxed, 3 1 1 ex. 
restructuring, 474 pr. 
rotation in, 312-314 
searching in, 311 
successor in, 311 

see also interval tree, order-statistic tree 
Reduce, 807 pr. 

reduced-space van Emde Boas tree, 557 pr. 
reducibility, 1067-1068 
reduction algorithm, 1052, 1067 
reduction function, 1067 
"V-Nreduction, of an array, 807 pr. 
V^reflexive relation, 1163 

tr^nexivity of asymptotic notation, 5 1 
iKgMo)i, feasible, 847 
regularity condition, 95 
rejection^ 

by arfalgorithm, 1058 
by a fini*e automaton, 996 
Relabel, 7$&\ 
relabeled vertexjf740 

relabel operation, lrfjpush-relabel algorithms, 

740, 745 V> 
Relabel-To-Front, 755 
relabel-to-front algorithm, 748-760 

phase of, 758 
relation, 1163-1166 
relatively prime, 931 
Relax, 649 
relaxation 

of an edge, 648-650 

linear programming, 1125 
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relaxed heap, 530 
relaxed red-black tree, 3 1 1 ex. 
lease time, 447 pr. 
kinder, 54, 928 
remainder instruction, 23 
rep^ed^quaring 

foryfllApairs shortest paths, 689-691 
for rctjwiv; a number to a power, 956 
repeat, iVnseudocode, 20 
repetition factor, of a string, 1012pr. 
REPETITION*MXrCHER, 1013 pr. 
representative ofva^et, 561 
Reset, 459 ex. 
residual capacity, 71-6; "ZJ9 
residual edge, 716 VJ * 
residual network, 7 15-7 {9^ 
residue, 54, 928, 982 pr. y> ' 
respecting a set of edges, 62o ^\ 
return edge, 779 >■ » 

return, in pseudocode, 22 
return instruction, 23 
reweighting 

in all-pairs shortest paths, 700-702 
in single-source shortest paths, 679 pr. * 
rho heuristic, 976-980, 980 ex., 984 
p(n)-approximation algorithm, 1 106, 1 123 
Right, 152 
right child, 1178 
right-conversion, 3 14 ex. 
right horizontal ray, 1021 ex. 
Right-Rotate, 313 
right rotation, 312 
right spine, 333 pr. 
right subtree, 1 178 
rod-cutting, 360-370, 390 ex. 
root 

of a tree, 1 176 
of unity, 906-907 
of Z*, 955 
rooted tree, 1176 

representation of, 246-249 
root list, of a Fibonacci heap, 509 
rotation 

cyclic, 1012 ex. 
in a red-black tree, 3 12-3 14 
rotational sweep, 1030-1038 
rounding, 1126 
randomized, 1139 



row-major order, 394 
row rank, 1223 
row vector, 1218 

RSA public-key cryptosystem, 958-965, 983 
RS-vEB tree, 557 pr. 
rule of product, 1184 
rule of sum, 1183 
running time, 25 

average-case, 28, 116 
best-case, 29 ex., 49 
expected, 28, 1 17 
of a graph algorithm, 588 
and multithreaded computation, 779-780 
order of growth, 28 
rate of growth, 28 
worst-case, 27, 49 

sabermetrics, 412 n. 
safe edge, 626 
Same-Component, 563 
sample space, 1189 
sampling, 129 ex., 179 
SAT, 1079 

satellite data, 147, 229 
satisfiability, 1072, 1079-1081, 1105, 
1123-1124, 1127 ex., 1139 
Qsatisfiable formula, 1049, 1079 
/satisfying assignment, 1072, 1079 
OaWated edge, 739 
sa^Ajting push, 739, 745 
scal^fhow product, 7 14 ex. 
scalar ntfulliple, 1220 
scaling >< 

in maxrKium flow, 762 pr., 765 
in single-s«urce shortest paths, 679 pr. 
scan, 807 pr. C~\ 
Scan, 807 pr. r\ 
scapegoat tree, 338"^A 
schedule, 444, 1136p$? 

event-point, 1023 
scheduler, for multithreaded computations, 
777,781-783, 812 
centralized, 782 
greedy, 782 

work-stealing algorithm for, 812 
scheduling, 443-446, 447 pr., 450, 1104pr., 

1136pr. 
Schur complement, 820, 834 



Index 



1285 



m 
in . 



Schur complement lemma, 834 
Scramble-Search, 143 pr. 
^ r\ seam carving, 409 pr., 413 
^ .#EARCH,230 
^searching, 22 ex. 

f search, 39 ex., 799-800 
ary search trees, 289-291 
Tees, 491-492 
in cnsraed hash tables, 258 
in corrfgcfccrlists, 250 pr. 
in direct- ! (Kpress tables, 254 
for an exactjpterval, 354 ex. 
in interval trees<^50-353 
linear search, 22"ex- 
in linked lists, 23\J * 
in open-address hasljftables, 270-271 
in proto van Emde Boas^tfuctures, 540-541 
in red-black trees, 311 >\ 
in an unsorted array, 143 pr. > 
in Van Emde Boas trees, 558^ 
search tree, see balanced search tree; binary 
search tree, B-tree, exponentiaV^Sarch 
tree, interval tree, optimal binar^ search 
tree, order-statistic tree, red-black^ree/* 

o 



sequence (( )) 
bitonic, 682 pr. 
finite, 1 166 
infinite, 1 166 

inversion in, 41 pr., 122 ex., 345 ex. 
probe, 270 
sequential consistency, 779, 812 
serial algorithm versus parallel algorithm, 772 
serialization, of a multithreaded algorithm, 

774, 776 
series, 108 pr., 1146-1148 

strands being logically in, 778 
set ({ }), 1158-1163 
cardinality (| |), 1161 
convex, 7 14 ex. 
difference (-), 1159 
independent, 1101 pr. 
intersection (n), 1159 
member (e), 1 158 
not a member (^), 1158 
union (U), 1159 
set-covering problem, 1117-1122, 1139 

weighted, 1 135 pr. 
set-partition problem, 1 101 ex. 
shadow of a point, 1038 ex. 
shared memory, 772 
Shell's sort, 42 



splay tree, 2-3 tree, 2-3-4 tree . 
secondary clustering, 272 \f 
secondary hash table, 278 
secondary storage /^.shift, in string matching, 985 

search tree for, 484—504 V^shift instruction, 24 

stacks on, 502 pr. ^ort-circuiting operator, 22 

second-best minimum spanning tree, 638 pr. SHDRTEST-PATH, 1050 

secret key, 959, 962 

segment, see directed segment, line segment 
Segments-Intersect, 1018 



Select, 220 

selection, 213 

of activities, 415^122, 450 

and comparison sorts, 222 

in expected linear time, 215-220 

multithreaded, 805 ex. 

in order-statistic trees, 340-341 

in worst-case linear time, 220-224 

selection sort, 29 ex. 

selector vertex, 1093 

self-loop, 1 168 

self-organizing list, 476 pr., 478 
semiconnected graph, 62 1 ex. 
sentinel, 31,238-240, 309 



short^shpaths, 7, 643-707 
alKp^, 644, 684-707 
Bellman-Ford algorithm for, 651-655 
with bit»nic paths, 682 pr. 
and breadt(Tr)rst search, 597-600, 644 
convergence property of, 650, 672-673 
and difference~p^$jgtraints, 664-670 
Dijkstra's algorithm for, 658-664 
in a directed acyclic graph, 655-658 
in e-dense graphs, 706 pr. 
estimate of, 648 

Floyd- Warshall algorithm for, 693-697, 

700 ex., 706 
Gabow's scaling algorithm for, 679 pr. 
Johnson's algorithm for, 700-706 
as a linear program, 859-860 
and longest paths, 1048 
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by matrix multiplication, 686-693, 706-707 
and negative-weight cycles, 645, 653-654, 
692 ex., 700 ex. 
' j$\\h negative-weight edges, 645-646 
Y«o-path property of, 650, 672 
<©$imal substructure of, 644-645, 687, 
§9^-694 

path^rWaxation property of, 650, 673 
predecessor-subgraph property of, 650, 676 
problem kgtriants, 644 
and relaxaffop) 648-650 
by repeated squiring, 689-691 
single-destinatibjj< 8 644 
single-pair, 381, 6rf4_ 
single-source, 643-^33 v 
tree of, 647-648, 673-<676 
triangle inequality of, 65XLA5? 1 
in an unweighted graph, 38L^97 
upper-bound property of, 658, 671-672 
in a weighted graph, 643 
sibling, 1176 

side of a polygon, 1020 ex. 
signature, 960 
simple cycle, 1 170 
simple graph, 1 170 
simple path, 1 170 

longest, 382, 1048 
simple polygon, 1020 ex. 
simple stencil calculation, 809 pr. 
simple uniform hashing, 259 
simplex, 848 
Simplex, 871 

simplex algorithm, 848, 864-879, 896-897 
single-destination shortest paths, 644 
single- pair shortest path, 381, 644 

as a linear program, 859-860 
single-source shortest paths, 643-683 

Bellman-Ford algorithm for, 65 1-655 

with bitonic paths, 682 pr. 

and difference constraints, 664-670 

Dijkstra's algorithm for, 658-664 

in a directed acyclic graph, 655-658 

in e-dense graphs, 706 pr. 

Gabow's scaling algorithm for, 679 pr. 

as a linear program, 863 ex. 

and longest paths, 1048 
singleton, 1161 

singly connected graph, 612 ex. 



singly linked list, 236 
see also linked list 
singular matrix, 1223 
singular value decomposition, 
sink vertex, 593 ex., 709, 712 



842 



Y 



of an algorithm's input, 25, 926-927, 

1055-1057 
of a binomial tree, 527 pr. 
of a boolean combinational circuit, 1072 
of a clique, 1086 
of a set, 1161 

of a subtree in a Fibonacci heap, 524 
of a vertex cover, 1089, 1 108 
skip list, 338 
slack, 855 

slack form, 846, 854-857 

uniqueness of, 876 
slackness 

complementary, 894 pr. 
parallel, 781 
slack variable, 855 
slot 

of a direct-access table, 254 
of a hash table, 256 
Slow- All-Pairs-Shortest-Paths, 689 
^"^smoothed analysis, 897 
/♦Socrates, 790 
\>6Tu|ion 

abstract problem, 1054 
ic) 866 

to a aOftiputational problem, 6 
to a cOTciete problem, 1055 
feasibleV665, 846, 851 
infeasible,«85 1 
optimal, 851(pi. 

to a system oflhTear equations, 814 
sorted linked list, 2%\ 
see also linked XvsYy 
sorting, 5, 16-20, 30-37, 147-212, 797-805 
bubblesort, 40 pr. 
bucket sort, 200-204 
columnsort, 208 pr. 
comparison sort, 191 
counting sort, 194-197 
fuzzy, 189 pr. 
heapsort, 151-169 
insertion sort, 12, 16-20 
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fc-sorting, 207 pr. 
lexicographic, 304 pr. 
. r\ in linear time, 194-204, 206 pr. 

\X l0Wer bounds for ' 191-194, 21 1, 53 1 
\/ merge sort, 12, 30-37, 797-805 

Qjy oblivious compare-exchange algorithms, 
pr. 

17, 148, 206 pr. 
sby polar angle, 1020 ex. 
probaBiJWtic lower bound for, 205 pr. 
quicksorin>0-190 
radix sort, W>-'200 
selection sort,,2&ex. 
Shell's sort, 42 S 
stable, 196 M> 
table of running tim^s^l49 
topological, 8, 612-61^623 
using a binary search tree_^>9 ex. 
with variable-length items>2Q6pr. 
0-1 sorting lemma, 208 pr. 
sorting network, 811 
source vertex, 594, 644, 709, 712 



span law, 780 
spanning tree, 439, 624 
bottleneck, 640 pr. 
maximum, 1137pr. 
verification of, 642 
see also minimum spanning tree 
span, of a multithreaded computation, 779 
sparse graph, 589 

all-pairs shortest paths for, 700-705 
and Prim's algorithm, 638 pr. 
sparse-hulled distribution, 1046 pr. 
spawn, in pseudocode, 776-777 
spawn edge, 778 
speedup, 780 

of a randomized multithreaded algorithm 
811 pr. 
spindle, 485 
spine 

of a string-matching automaton, 997 fig. 

of a treap, 333 pr. 
splay tree, 338, 482 
spline, 840 pr. 
splitting 

of B-tree nodes, 493^195 

of 2-3-4 trees, 503 pr. 
splitting summations, 1152-1154 



spurious hit, 991 
square matrix, 1218 
Square-Matrix-Multiply, 75, 689 
Square-Matrix-Multiply-Recursive, 
77 

square of a directed graph, 593 ex. 
square root, modulo a prime, 982 pr. 
squaring, repeated 

for all-pairs shortest paths, 689-691 
for raising a number to a power, 956 
stability 

numerical, 813, 815, 842 
of sorting algorithms, 196, 200 ex. 
stack, 232-233 

in Graham's scan, 1030 
implemented by queues, 236 ex. 
linked-list implementation of, 240 ex. 
operations analyzed by accounting method, 
457^*58 

operations analyzed by aggregate analysis, 
452^*54 

operations analyzed by potential method, 

460-461 
for procedure execution, 188 pr. 
on secondary storage, 502 pr. 
Stack-Empty, 233 
standard deviation, 1200 
"✓-^standard encoding ({ )), 1057 
\>^standard form, 846, 850-854 
^sjar-shaped polygon, 1038 ex. 
^rt^tate, 995 
start tfrhe, 415 

state of^J8nite automaton, 995 

static graph, 562 n. 

static set of keys, 277 

static threadi^g^773 

stencil, 809 pr. r\ 

stencil calculatioT^809 pr. 

Stirling's approxirrf^tron, 57 

storage management, 151, 243-244, 245 ex., 

261 ex. 
store instruction, 23 
straddle, 1017 
strand, 777 

final, 779 

independent, 789 

initial, 779 

logically in parallel, 778 
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logically in series, 778 
Strassen's algorithm, 79-83, 111-112 

multithreaded, 795-796 
stsgaks, 135-139 
stffCtly decreasing, 53 
str©Jy increasing, 53 
i5, 1184 

affihing, 985-1013 
based cm xopetiti on factors, 1012pr. 
by finite Qtfomata, 995-1002 
with gap characters, 989 ex., 1002 ex. 
Knuth-MorrisrE?att algorithm for, 



1002-1013^ 



naive algorithm faff 98 8-990 
Rabin-Karp algoritMVor, 990-995, 1013 
string-matching automat<^v996-1002, 

1002 ex. y>* 
strongly connected componenL^170 
decomposition into, 615-62>, 623 
STRONGLY-CONNECTED-COMft^ENTS, 617 
strongly connected graph, 1 170 
subgraph, 1 171 

predecessor, see predecessor subgraph 
subgraph-isomorphism problem, 1 100 ex? j> 
subgroup, 943-946 O 
subpath, 1 170 

subproblem graph, 367-368 
subroutine 

calling, 21, 23, 25 n. 

executing, 25 n. 
subsequence, 391 
subset (C), 1159, 1161 

hereditary family of, 437 

independent family of, 437 
SUBSET-SUM, 1097 
subset-sum problem 

approximation algorithm for, 1 128-1134, 
1139 

NP-completeness of, 1097-1100 

with unary target, 1 101 ex. 
substitution method, 83-88 

and recursion trees, 91-92 
substring, 1184 
subtract instruction, 23 
subtraction of matrices, 1221 
subtree, 1176 

maintaining sizes of, in order-statistic trees 
343-344 



success, in a Bernoulli trial, 1201 

successor 

in binary search trees, 291-292 
in a bit vector with a superimposed binary 
tree, 533 

in a bit vector with a superimposed tree of 

constant height, 535 
finding ;'th, of a node in an order-statistic 

tree, 344 ex. 
in linked lists, 236 
in order-statistic trees, 347 ex. 
in proto van Emde Boas structures, 543-544 
in red-black trees, 311 
in Van Emde Boas trees, 550-55 1 
Successor, 230 
such that (:), 1 159 
suffix (□), 986 
suffix function, 996 
suffix-function inequality, 999 
suffix-function recursion lemma, 1000 
sum (J2), 1 145 
Cartesian, 906 ex. 
infinite, 1 145 
of matrices, 1220 
of polynomials, 898 
rule of, 1183 
telescoping, 1 148 
M-ARRAYS, 805 pr. 
Arrays', 805 pr. 
ry 

'a hit vector with a superimposed tree of 
co/fTSTent height, 534 
in proto^fin Emde Boas structures, 540 
in van Emde Boas trees, 546 
summation, H45-1157 

in asymptoti^n^itation, 49-50, 1 146 
bounding, 1 149/ =r N56 
formulas and prorotaies of, 1 145-1149 
linearity of, 1146 \f 
summation lemma, 908 
supercomputer, 772 
superpolynomial time, 1048 
supersink, 712 
supersource, 712 
surjection, 1167 
SVD, 842 

sweeping, 1021-1029, 1045 pr. 
rotational, 1030-1038 
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sweep line, 1022 
sweep-line status, 1023-1024 
t symbol table, 253, 262, 265 
-Symmetric difference, 763 pr. 
^symmetric matrix, 1220, 1222 ex., 1226ex. 
s^J^mfjtric positive-definite matrix, 832-835, 

: relation, 1 163 
if ©-notation, 52 
(^Wocode, 776-777 
system of dffrelrence constraints, 664-670 
system of lineaj>iquations, 806 pr., 813-827, 
840 pr. X X 

Table-Delete, 
Table-Insert, 464 
tail y >' 
itidn^' 
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of a binomial distribute 
of a linked list, 236 
of a queue, 234 
tail recursion, 188 pr., 419 f 
Tail-Recursive-Quicksort, 1~~ 
target, 1097 

Tarjan's off-line least-common-ancestots 

algorithm, 584 pr. 
task, 443 

Task Parallel Library, 774 
task scheduling, 443-446, 448 pr., 450 
tautology, 1066 ex., 1086 ex. 
Taylor series, 306 pr. 
telescoping series, 1148 
telescoping sum, 1 148 
testing 

of primality, 965-975, 983 

of pseudoprimality, 966-968 
text, in string matching, 985 
then clause, 20 n. 
Theta-notation, 44-47, 64 
thread, 773 

Threading Building Blocks, 774 
3-CNF, 1082 
3-CNF-SAT, 1082 

3-CNF satisfiability, 1082-1085, 1105 
approximation algorithm for, 1 123-1 124. 
1139 

and 2-CNF satisfiability, 1049 
3-COLOR, 1103pr. 
3-conjunctive normal form, 1082 



tight constraint, 865 
time, see running time 
time domain, 898 
time-memory trade-off, 365 
timestamp, 603, 61 1 ex. 
Toeplitz matrix, 921 pr. 
to, in pseudocode, 20 
TOP, 1031 

top-down method, for dynamic programming, 
365 

top of a stack, 232 
topological sort, 8, 612-615, 623 

in computing single-source shortest paths in 
a dag, 655 
TOPOLOGICAL-SORT,613 
total order, 1 165 
total path length, 304 pr. 
total preorder, 1165 
total relation, 1165 
tour 

bitonic, 405 pr. 
Euler, 623 pr., 1048 
of a graph, 1096 
track, 486 
tractability, 1048 
trailing pointer, 295 

transition function, 995, 1001-1002, 1012ex. 
"V-Ntransitive closure, 697-699 

and boolean matrix multiplication, 832 ex. 
\j of dynamic graphs, 705 pr., 707 
^(a^isitive-Closure, 698 
transjtrte relation, 1163 
transrtivjftf of asymptotic notation, 5 1 
Transplant, 296, 323 
transpose • 

conjugate,(§l^ ex. 
of a directed gTJttJh, 592 ex. 
of a matrix, lzt>*\ 
of a matrix, mult^llreaded, 792 ex. 
transpose symmetry of asymptotic notation, 52 
traveling-salesman problem 

approximation algorithm for, 111 1-1 1 17, 
1139 

bitonic euclidean, 405 pr. 
bottleneck, 11 17 ex. 
NP-completeness of, 1096-1097 
with the triangle inequality, 1112-1115 
without the triangle inequality, 1 1 15-1 116 
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traversal of a tree, 287, 293 ex., 342, 1 1 14 
treap, 333 pr., 338 
rTREAP-lNSERT, 333 pr. 
Mr^, 1173-1180 
\AA-trees, 338 
J^L^33pr., 337 
binflfy) see binary tree 
bindfrLiak 527 pr. 
bisectiorraf, 1 181 pr. 
breadth-fi^094, 600 
B-trees, 48*Q04 
decision, 192Vj£3* 
depth-first, 60?^ 
diameter of, 602 sY _ 
dynamic, 482 X) „ 
free, 1 172-1 176 
full walk of, 1114 > >* 
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fusion, 212, 483 
heap, 151-169 
height-balanced, 333 pr. 
height of, 1 177 
interval, 348-354 
Ar-neighbor, 338 

minimum spanning, see minimum sparrnirjg^ 
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tree 



optimal binary search, 397^1-04, 413 

order- statistic, 339-345 

parse, 1082 

recursion, 37, 88-93 

red-black, see red-black tree 

rooted, 246-249, 1 176 

scapegoat, 338 

search, see search tree 

shortest-paths, 647-648, 673-676 

spanning, see minimum spanning tree, 
spanning tree 

splay, 338, 482 

treap, 333 pr., 338 

2-3, 337, 504 

2-3-4, 489, 503 pr. 

van Emde Boas, 531-560 

walk of, 287, 293 ex., 342, 1 1 14 

weight-balanced trees, 338 
Tree-Delete, 298, 299 ex., 323-324 
tree edge, 601, 603, 609 
Tree-Insert, 294, 315 
Tree-Maximum, 29 1 
Tree-Minimum, 291 



Y 



Tree-Predecessor, 292 
Tree-Search, 290 
Tree-S uccessor, 292 
tree walk, 287, 293 ex., 342, 1 1 14 
trial, Bernoulli, 1201 
trial division, 966 
triangle inequality, 1112 

for shortest paths, 650, 671 
triangular matrix, 1219, 1222 ex., 1225 ex. 
trichotomy, interval, 348 
trichotomy property of real numbers, 52 
tridiagonal linear systems, 840 pr. 
tridiagonal matrix, 1219 
trie (radix tree), 304 pr. 

y-fast, 558 pr. 
Trim, 1130 
trimming a list, 1 1 30 
trivial divisor, 928 
truth assignment, 1072, 1079 
truth table, 1070 
TSP, 1096 
tuple, 1 162 
twiddle factor, 912 
2-CNF-SAT, 1086 ex. 
2-CNF satisfiability, 1086ex. 
and 3-CNF satisfiability, 1049 
0\ two-pass method, 571 
^ a Q 4 heap, 529 pr. 
.4 tree, 489 
\jj>rriing, 503 pr. 
MJUtfjng, 503 pr. 
2-3 treOp, 504 

unary, 1036 

unbounded linear program, 85 1 
unconditional b^rjch instruction, 23 
uncountable set, 1/TOJ 

underdetermined sy^Wi of linear equations, 

814 
underflow 

of a queue, 234 
of a stack, 233 
undirected graph, 1168 

articulation point of, 62 1 pr. 
biconnected component of, 621 pr. 
bridge of, 621 pr. 
clique in, 1086 
coloring of, 1103pr, 1180pr. 
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computing a minimum spanning tree in, 
624-642 

, r\ converting to, from a multigraph, 593 ex. 
s£ rf-regular, 736 ex. 
Vmd, 760 pr. 

(Swmjltonian, 1061 
Mjfrapendent set of, 1101 pr. 
matefrmg of, 732 
nonnanukonian, 1061 
vertex Q^er of, 1089, 1108 
see also fejbh 
undirected vessj^n of a directed graph, 1 172 
uniform hashing,^! 

uniform probability distribution, 1 191-1192 
uniform random pertputation, 116, 125 
union 

of dynamic sets, see unhing 
of languages, 1058 y\ 
of sets (U), 1 159 v v 

UNION, 505, 562 

disjoint-set-forest implementation of, 571 
linked-list implementation of, 56^5)67 
568 ex. 

union by rank, 569 

unique factorization of integers, 93 1 

unit(l), 928 

uniting 

of Fibonacci heaps, 5 1 1-5 12 

of heaps, 506 

of linked lists, 241 ex. 

of 2-3-4 heaps, 529 pr. 
unit lower-triangular matrix, 1219 
unit-time task, 443 
unit upper-triangular matrix, 1219 
unit vector, 1218 

universal collection of hash functions, 265 
universal hashing, 265-268 
universal sink, 593 ex. 
universe, 1160 

of keys in van Emde Boas trees, 532 
universe size, 532 
unmatched vertex, 732 
unsorted linked list, 236 

see also linked list 
until, in pseudocode, 20 
unweighted longest simple paths, 382 
unweighted shortest paths, 381 
upper bound, 47 
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upper-bound property, 650, 671-672 
upper median, 213 
upper square root (t/ ), 546 
upper-triangular matrix, 1219, 1225 ex. 

valid shift, 985 
value 

of a flow, 710 

of a function, 1 166 

objective, 847, 851 
value over replacement player, 41 1 pr. 
Vandermonde matrix, 902, 1226 pr. 
van Emde Boas tree, 53 1-560 

cluster in, 546 

compared with proto van Emde Boas 

structures, 547 
deletion from, 554—556 
insertion into, 552-554 
maximum in, 550 
membership in, 550 
minimum in, 550 
predecessor in, 55 1-552 
with reduced space, 557 pr. 
successor in, 550-55 1 
summary in, 546 
Var[] (variance), 1199 
variable 
basic, 855 
entering, 867 
\j leaving, 867 
v-'fiohbasic, 855 
in/53budocode, 21 
ranflcW 1196-1201 
slackS855 

see a/scnindicator random variable 

variable-leng^E^ode, 429 

variance, 1 199 f~\ 

of a binomial q&ftubuti on, 1205 
of a geometric distribution, 1203 

vEB-Empty-Tree-Insert,553 

vEB tree, see van Emde Boas tree 

vEB -Tree-Delete, 554 

vEB-Tree-Insert, 553 

vEB -Tree-Maximum, 550 

vEB-Tree-Member, 550 

vEB -Tree-Minimum, 550 

vEB-Tree-Predecessor,552 

vEB-Tree-Successor,551 
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vector, 1218, 1222-1224 

convolution of, 90 1 
f r\ cross product of, 1016 
^^rthonormal, 842 
yin the plane, 1015 
Vefimaiagram, 1160 
verifWallpn, 1061-1066 

of spuming trees, 642 
verincatiwialgorithm, 1063 
vertex >V> 

articulatiori < pp!nt, 62 1 pr. 

attributes of, 

capacity of, 7 l4£)£>. 

in a graph, 1 168 <r _ 

intermediate, 693 \J * 

isolated, 1169 



6 



139 



0 



overflowing, 736 
of a polygon, 1020 ex 
relabeled, 740 
selector, 1093 
vertex cover, 1089, 1108, 11 
VERTEX-COVER, 1090 
vertex-cover problem 

approximation algorithm for, 1 108-1 1 f 1 
1139 

NP-completeness of, 1089-1091, 1105 
vertex set, 1 168 

violation, of an equality constraint, 865 
virtual memory, 24 
Viterbi algorithm, 408 pr. 
VORP, 41 1 pr. 

walk of a tree, 287, 293 ex., 342, 1 1 14 
weak duality, 880-881, 886ex., 895 pr. 
weight 

of a cut, 1 127 ex. 

of an edge, 591 

mean, 680 pr. 

of a path, 643 
weight-balanced tree, 338, 473 pr. 
weighted bipartite matching, 530 
weighted matroid, 439-442 
weighted median, 225 pr. 
weighted set-covering problem, 1 1 35 pr. 
weighted-union heuristic, 566 
weighted vertex cover, 1 124-1 127, 1 139 
weight function 

for a graph, 591 
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in a weighted matroid, 439 
while, in pseudocode, 20 
white-path theorem, 608 
white vertex, 594, 603 
widget, 1092 
wire, 1071 
Witness, 969 

witness, to the compositeness of a number, 968 
work law, 780 

work, of a multithreaded computation, 779 
work-stealing scheduling algorithm, 812 
worst-case running time, 27, 49 

Yen's improvement to the Bellman-Ford 

algorithm, 678 pr. 
y-fast trie, 558 pr. 
Young tableau, 167pr. 

Z (set of integers), 1158 

Z„ (equivalence classes modulo n), 928 

Z* (elements of multiplicative group 

modulo n), 941 
Z + (nonzero elements of Z n ), 967 
zero matrix, 1218 

zero of a polynomial modulo a prime, 950 ex. 
0-1 integer programming, 1100 ex., 1125 

1137 pr., 



/^vO-1 knapsack problem, 425, 427 ex 

a 1139 

Outsorting lemma, 208 pr. 
z$r^J^195ex. 



